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General Introduction 
 
 
 
1 General Introduction 
 
 
The success of a plant breeding program depends on the availability of genetic 
variation and efficient evaluation of a large number of genotypes (Portmann and Ketata, 
1997). Therefore, plant breeders must find a compromise between experimental strategies 
that minimize errors in the data and operational procedures that allow large screenings of 
genotypes. 
The traditional processes of data collection for evaluation of genotypes in breeding 
programs require the withdrawal of plot samples from field trials during harvest. 
Subsequent analyses must be carried out for determination of traits by pursuing procedures 
that involve drying, grinding, and chemical or physical analyses. These processes of data 
collection are expensive, time-consuming, and limit drastically the potential number of 
genotypes to be evaluated. Therefore, mechanization of harvesting operations coupled with 
automatic data collection may enable the assessment of a larger number of genotypes 
because labor-demanding and time-consuming steps involved in the traditional data 
collection processes could be avoided. In addition, a more accurate evaluation of genotypes 
may be achieved because influent sources of error associated with the traditional processes 
of data collection could be eliminated. 
In typical maize breeding programs of medium-size companies in Europe, around 
several ten thousands of field trial plots are grown and harvested for evaluation of 
genotypes each year. For large multi-national companies, the number of plots evaluated 
worldwide can surpass millions annually. In these scenarios, the efficiency of the data 
collection process is of highest concern for plant breeders. Crucial decisions are made on 
the basis of information generated by different processes that are susceptible to different 
sources of error and, consequently, provide information of different quality. In this context, 
two characteristics of the data collection process are of relevance: (i) accuracy and (ii) 
precision. 
Accuracy refers to the proximity between the measured value and the true value of the 
analyzed material (Miller and Miller, 1984). Precision refers to the proximity among 
replicated measurements of the same material. Systematic errors (which cause all the 
results to be erroneous in the same sense) affect accuracy. Random errors (which cause the 
individual results to fall on both sides of the true value) affect precision. 
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Accurate and precise evaluation of plot material is an important factor for generating 
high quality information on which selection decisions will rely. Error associated with the 
sampling procedures of data collection processes may affect the quality of information 
significantly. Therefore, it must be considered when assessing the accuracy and precision 
of different data collection processes. 
In this thesis, a new data collection process based on near-infrared spectroscopy 
(NIRS) was investigated for application in plant breeding programs. 
 
 
The near-infrared radiation and its interaction with biological material 
 
The near-infrared spectrum is just above the visible region of the electromagnetic 
spectrum, between the visible and the infrared region. By convention, it is characterized as 
the region from 780 to 2500 nm (Workman and Shenk, 2004). The near-infrared radiation 
was discovered by the astronomer Sir William Herschel in 1800 (Sheppard, 2002). He 
investigated the distribution of heat in the visible solar spectrum obtained by placing a 
glass prism in front of a slit cut in a window blind. The heat associated with the different 
positions in the well-dispersed spectrum displayed on a horizontal surface was measured 
by mercury-in-glass thermometers with blackened bulbs. Herschel found that the 
temperature maximum shown by the thermometers occurred just beyond the red end of the 
visible spectrum. 
The primary information that can be gathered from the interaction of the near-infrared 
radiation with biological material is its physical-optical and chemical composition. Grain 
and forage material have shown to have identifiable C-H, N-H, and O-H absorption bands 
in the near-infrared region (Workman and Shenk, 2004). Near-infrared absorption occurs 
when the wavelength energy, at a frequency that corresponds with the vibration of C-H, N-
H, or O-H bonds, is absorbed. When this happens, the radiation at all other wavelengths is 
reflected or transmitted, that is, it does not interact with the bond. Since C-H, N-H, and O-
H bonds each have a specific vibrational frequency, we can describe the absorption 
information with three parameters. These are (i) the location of the information in terms of 
nanometers (wavelengths), (ii) the amplitude of the absorption peak (relative intensity) as 
compared with 100% of light shinning on the sample, and (iii) the width of the peak 
describing its intensity (bandwidth). 
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Although the absorption of energy is easy to explain in its most simple form, the 
absorption pattern in the near-infrared region is extremely complex. Biological material 
contains hundreds or even thousands of different types of compounds containing C-H, N-
H, and O-H bonds. In addition, the information on C-H, N-H, and O-H absorptions is 
repeated in an overtone and combination band sequence (Workman and Shenk 2004). 
Therefore, although the near-infrared spectrum is rich in information, it is highly repetitive. 
Due to the complex chemical composition of biological material and highly repetitive 
information contained in the near-infrared spectra, it was virtually impossible to use NIRS 
for determination of chemical composition and associated traits before the advents of 
modern computers and sophisticated statistical methods in the late 1960s. 
Most applications of NIRS in agriculture utilize near-infrared spectra collected in 
reflectance mode. In this type of application, the spectrometer first measures the amount of 
energy reflected from the measuring surface at every wavelength. Subsequently, the 
reflectance measurements are transformed into absorbance measurements by calculating 
the difference between the light shining on the surface and reflected light. Finally, the 
spectra are generated by comparing the amount of absorbed energy at every wavelength 
from the measured material and from a referential standard, i.e., white ceramic that 
theoretically reflects 100% of the near-infrared radiation (Workman 2004). 
 
 
Development of near-infrared calibration models 
 
Utilization of near-infrared radiation for the prediction of chemical composition and 
associated traits requires the development of calibration models that relate the near-
infrared spectra and referential information of the traits under investigation. 
Different calibration techniques exist that can be used to develop calibration models. 
Multiple linear regression (MLR), principal components regression (PCR), partial least 
square regression (PLSR), and modified partial least square regression (MPLSR) are most 
commonly used (Duckworth 2004). In addition to these calibration techniques, there are 
also highly sophisticated calibration techniques, like artificial neural networks (Barron and 
Barron 1988, Pao 1989, and Hertz et al. 1991) and locally weighted regression (Cleveland 
and Devlin 1988, and Naes et al. 1990), which may generate calibration models with 
improved prediction performance, especially for traits of high complexity. 
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In the process of calibration development, mathematical transformations of the near-
infrared spectra are applied for improving the relation between the spectral and 
compositional data (Duckworth 2004). The most common mathematical transformations of 
near-infrared spectra involve first and second derivatives with varying derivatization gaps 
and levels of smoothing. Application of mathematical transformation generally improves 
the agreement between the spectral and compositional information because spectral 
baseline differences are eliminated, and overlapping peaks in the spectra are resolved. 
In addition to the different calibration techniques and mathematical transformations, 
there are various scatter correction techniques for solving the problem of light scatter 
caused by differences in measuring surfaces. In this aspect, particle size and density are 
important factors affecting near-infrared reflection and therefore the spectra must be 
corrected in order to retrieve the relevant information contained in the spectra. The 
multiplicative scatter correction (MSC), standard error of variate (SNV), and SNV together 
with detrending are scatter correction techniques usually applied in laboratory NIRS 
applications (Duckworth 2004). 
The combination of calibration technique, mathematical transformation, and scatter 
correction that yields the best calibration model is not known beforehand and varies 
depending on the trait under consideration and sample presentation designs. Therefore, the 
combination of calibration technique, mathematical transformation, and scatter correction 
for the development of calibration models must be based on several calculations and 
experience. 
 
 
Selection of samples for development of calibration models 
 
The selection of samples to be included in the sets for calibration and validation is a 
crucial factor in the development of calibration models. Usually, it is thought that better 
prediction ability of the equation is obtained when more samples are used for calibration. 
However, it has been demonstrated that it is not only the number of samples which is 
important, but also how the samples are selected for calibration and validation (Isaksson 
and Naes 1990). 
Sample selection techniques for NIRS analysis include any selection process 
attempting to exclude redundancy in sample populations intended for calibration and 
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validation. Ideally, the best sample selection technique would reduce the sample 
population to the minimum number of samples sufficient to represent all meaningful 
spectral variation. Sample selection is useful in producing greater robustness (resistance to 
overfitting of data during the calibration step) and in reducing the number of reference 
laboratory analysis due to the smaller number of samples required for calibration 
(Westerhaus et al. 2004). 
The most simple techniques for sample selection include random selection (Mark and 
Workman 1987a,b,c), stratified selection (Abrams et al. 1987), and spectral difference 
calculations (Honigs et al. 1985,  Workman 1986). More complex approaches to sample 
selection include correlation analysis between spectra in the wavelength domain (Owens 
and Isenhour 1983) or correlation analysis between the principal scores of spectra (Shenk 
and Westerhaus 1991a). 
Many users of NIRS have found that the optimum approach for compiling a calibration 
set is to select sample subsets on the basis of reference laboratory results rather than to use 
mathematical approaches based purely on spectral information (Westerhaus et al. 2004). A 
potential explanation for this phenomenon may be found in the fact that a large portion of 
the near-infrared spectral information from solid samples is the result of light-particle 
interaction and moisture content of the samples, and these two factors may significantly 
affect the efficiency of sample selection techniques based on spectral information purely. 
In addition to the distribution of reference values in the calibration and validation sets, 
another critical factor in selecting samples is a uniform sample matrix distribution, i.e., the 
variance in background composition. Background characteristics must be carefully 
considered when composing the calibration set. A common example with solid samples is 
the effect of moisture content. The presence or absence of water will influence the extent 
of hydrogen bonding within the sample. Hydrogen bonding will affect both band position 
and width. If a mathematical model is developed on samples that include a wide range of 
the component of interest but small range in moisture, the calibration model will only be 
useful for samples with the narrow moisture range represented by the samples. 
 
 
 
 
 
 5
General Introduction 
 
 
 
Application of near-infrared spectroscopy in plant breeding 
 
The application of NIRS to food and agriculture occurred largely as a result of the work 
of Massie and Norris (1965). Norris recognized the potential of diffuse reflectance 
measurements in the near-infrared region for the rapid and routine quantitative analysis of 
major constituents (such as oil and moisture) in grain and forage materials. He used NIRS 
for the first time to determine dry matter and oil contents of forage grasses by using a 
laboratory spectrometer to measure ground material. Since then, NIRS was evaluated for 
many applications in plant breeding (Batten 1998). 
The first implementation of NIRS in plant breeding programs, which combined the use 
of laboratory NIRS instruments and ground material, brought the major advantage that 
analyses could be carried out faster than by wet chemistry analyses. In addition, laboratory 
NIRS is a much more environmental friendly method than wet chemistry because 
laboratory NIRS does not require hazardous chemicals. Because of these advantages, 
laboratory NIRS of ground material became a routine method in many breeding programs. 
For example, in silage maize breeding, several traits are predicted by laboratory NIRS 
equations in order to determine the feeding value of genotypes (Krützfeldt 2004, and 
Andrés et al. 2005). In spite of the advantages associated with laboratory NIRS analysis of 
ground material, plant breeders realized quickly that the number of genotypes that they 
were able to assess was mainly limited by the plot sampling and sample preparation 
procedures required for this type of analysis, and that further improvements could be 
achieved by increasing the efficiency of these procedures. 
A more efficient implementation of laboratory NIRS in plant breeding programs was 
developed by measuring intact material. This brought the advantage to avoid the grinding 
procedure, and resulted in a faster and more efficient data collection process than 
laboratory NIRS analysis of ground material. In addition, analysis of intact seeds by 
laboratory NIRS permits subsequent use of the seeds analyzed, which is of high relevance 
when the seeds are needed for further analysis or sowing. As an example of this type of 
analysis, traits like oil, protein, and glucosinolate content of rapeseed are determined 
routinely by laboratory NIRS analysis of intact seeds (Tillmann 1997). However, although 
laboratory NIRS analysis of intact material is presently implemented in many breeding 
programs, it is still inefficient in terms of sampling handling and time requirements in large 
scale breeding programs where thousands of genotypes are evaluated extensively. 
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In recent years, advances in NIRS technology allow to mount spectrometers on 
combine harvesters and choppers. This enables determination of dry matter content and 
quality parameters simultaneously with harvest of field trials. Successful implementation 
of near-infrared spectroscopy on combine harvesters (NOCH) and near-infrared 
spectroscopy on choppers (NOC) in breeding programs of grain maize and silage maize 
have been reported (Reyns 2002, Welle et al. 2003 and 2005, Pfitzner et al. 2004, and 
Montes et al. 2006). This application of NIRS has the advantages that sampling is almost 
eliminated, resulting in large savings of manpower and energy for drying, and the relevant 
information is available earlier to execute selection and to plan the next generation. In 
addition, NOCH and NOC measure a larger amount of the harvested plot material than 
laboratory NIRS and may therefore yield a more accurate assessment of the plot material 
characteristics. 
 
 
Objectives 
 
The goal of this research was to assess the potential of NOCH and NOC for application 
in plant breeding programs. In particular, the objectives were to 
 
1. examine the potential of NOCH for determination of dry matter, crude protein and 
starch contents in maize grain; 
2. assess the repeatability and precision of dry matter content determinations made by 
NOCH in comparison with the conventional oven method in maize grain; 
3. compare NOCH determinations of crude protein content with laboratory NIRS 
determinations based on whole and ground-grain analyses of maize grain; 
4. investigate the effects of calibration techniques, mathematical transformations, and 
scatter corrections on the development of calibration models based on NOCH spectra 
for determination of dry matter, crude protein, and starch contents of maize grain; 
5. compare the performance of two NOC sample presentation systems (conveyor belt vs. 
spout) for determination of dry matter content and feeding value of silage maize 
hybrids; 
6. evaluate the calibration transferability between NOC systems equipped with different 
sample presentation designs; 
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7. identify parameters for optimization of NOC sample presentation designs; and 
8. assess the potential of NOCH for determination of dry matter, crude protein, oil, and 
glucosinolate contents of rapeseed. 
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Abstract
Dry matter (DM) content and quality parameters of maize grain are
important traits in breeding of maize hybrids. New developments in
near-infrared spectroscopy (NIRS) allow to determine DM content
and product quality parameters directly on plot combine harvesters.
The main objective of our study was to examine the potential of NIRS
on combine harvester (NOCH) for determination of DM, crude
protein (CP) and starch (ST) contents in maize grain. Plot combine
harvesters equipped with spectrometers were used. Eleven locations
were harvested in Europe during 2003 and 2004. The NOCH
calibration models were developed with standard error of prediction
(SEP) and coeﬃcient of determination for validation (R2V) of 1.2% and
0.95 for DM, 0.3% and 0.88 for CP, and 1.0% and 0.79 for ST,
respectively. NOCH is a promising technology for determination of
DM, CP and ST contents of maize grain for breeding purposes,
because it automates the assessment of each harvested plot, and the
information for making selection decision is rapidly available to plan
the next generation.
Key words: Zea mays — near-infrared spectroscopy on
combine harvester — maize grain — dry matter — protein
— starch
Maize is one of the three major cereals grown in the world.
In development of maize hybrids, primary breeding goals
have been grain yield, standability and resistance to biotic
and abiotic stresses (Duvick et al. 2004). Improving the
nutritional quality of maize grain for human and animal
nutrition has received much less attention because it requires
expensive, laborious and time-consuming analyses. In recent
years, greater emphasis has been given to value-added traits,
such as higher contents of protein and oil, which resulted in a
more valuable product for livestock and poultry feeding. In
addition, new industrial uses of maize grain have been
pursued, such as the conversion of starch (ST) to ethanol for
producing maize-based fuels. The current diversifying market
demands suitable products, thus forcing plant breeders to
ﬁnd eﬃcient tools to screen the breeding material for the
traits of interest.
In central Europe, the growing season for maize is limited by
the length of the frost-free period. Maturity classiﬁcation of
breeding materials and varieties is commonly based on dry
matter (DM) content of the grain at harvest. In a typical
commercial maize breeding programme, the conventional
procedure for determination of DM content and quality traits
involves drawing a small grain sample from each harvested
plot, weighing immediately after gathering in the ﬁeld, sample
transportation and weighing again after drying in an oven at
the station. For determination of quality traits, each sample
must be additionally ground for chemical or physical analyses.
This whole process is expensive, laborious and time-consu-
ming. Another major drawback for breeding purposes is that
the results are commonly available several weeks after harvest,
when the selection decision for planting the next generation
has already been made. Hence, application of new technologies
that increase the eﬃciency in measuring traits of interest and
provide the relevant information for making selection decision
on time will speed up the selection process and improve the
eﬃciency of breeding programmes.
Laboratory-based grain tests by near-infrared spectroscopy
(NIRS) were originally proposed for determination of DM and
protein contents in cereals and oilseeds (Massie and Norris
1965). Meanwhile, because of its potential for rapid and
accurate evaluation of quality attributes of feedstuﬀs, NIRS
has replaced many routine assays in agricultural laboratories
(Clark 1985, Melchinger et al. 1985, Shenk and Westerhaus
1993, De la Roza et al. 1998). However, this type of laborat-
ory-based NIRS application has so far been ineﬃcient in terms
of sample handling and time requirements in a plant breeding
context.
Advances in NIRS technology have made it possible to
take near-infrared measurements directly during the harvest-
ing process on the plot combine harvester. NIRS on combine
harvester (NOCH) operates exclusively with whole-grain
material and the spectra and relevant information is avail-
able immediately after harvest. NOCH proved to be a
promising technology for determination of DM content in
maize grain (Reyns 2002, Pﬁtzner et al. 2004, Welle et al.
2005). Furthermore, calibration models were developed for
determination of DM, ST, in vitro digestibility cellulase, and
soluble sugars in maize forage, based on NIRS measure-
ments taken directly on the chopper during harvest (Welle
et al. 2003). To our knowledge, however, little information
exists on the determination of quality constituents in maize
grain via NOCH.
The objectives of our study were to: (i) examine the potential
of NOCH for determination of DM, crude protein (CP) and
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ST contents in maize grain, (ii) assess the repeatability and
precision of DM content determinations made by NOCH in
comparison with the conventional oven method and (iii)
compare NOCH determinations of CP content with laboratory
NIRS determinations based on whole- and ground-grain
analyses.
Materials and Methods
Calibration and validation samples: Experimental hybrids from two
breeding programmes for early-maturing maize (Zea mays L.) in
central Europe were used for this study. Samples of approximately
0.3 kg were taken from 29 266 plots originating from 250 ﬁeld trials
during routine harvest at 10 locations in Germany (Duelmen, Vechta,
Schwaebisch Hall, Aschersleben, Lichtenau-Scherzheim, Zeckerin-
sand, Zeckerin, Herchsheim, Kerken and Eckartsweier) and one
location in France (Wissembourg), in 2003 and 2004. These samples
were weighed immediately after harvest in the ﬁeld, and later at the
station after oven-drying to a constant weight at 105C. DM content
was calculated from weight diﬀerences.
To compile calibration and validation sets with similar distribution
of DM values, the complete data set was sorted by ascending DM
values and, starting from the lowest value, 1084 samples were taken
systematically for validation across the complete range of DM values.
The calibration set was chosen from the remaining samples by using
the Center and Select algorithms (Shenk and Westerhaus 1991a). These
algorithms use spectral information to select a set of representative
samples for calibration. The DM calibration set consisted of 2449
samples. The weight of plots included in the calibration and validation
sets ranged from 3 to 19 kg. The harvesting temperature varied from 6
to 41C.
Seven ﬁeld trials (comprising 495 plots) harvested at Eckartsweier in
2003 and 2004 were used for developing NOCH calibration models for
determination of CP and ST contents. The harvested samples were
oven-dried to constant weight at 55C, ground and measured with the
laboratory NIRSystems 6500 spectrometer.
The NOCH calibration for CP was performed by relating NOCH
spectra with CP reference values determined by using a laboratory
NIRS calibration established previously. This laboratory NIRS
calibration related near-infrared spectra of ground grain collected by
a laboratory NIRSystems 6500 spectrometer with CP reference values
determined by Kjeldahl analysis (VDLUFA 2005a). To form calibra-
tion and validation sets with a similar distribution of CP values, an
analogous approach was followed as for DM. After sorting by CP
values, 50 samples were chosen to comprise the CP validation set. The
remaining 445 samples were used for calibration.
The NOCH calibration for ST was developed by relating directly
NOCH measurements with lab reference values. From the 495 samples
collected at Eckartsweier, a total of 245 sample was selected on the
basis of NOCH spectral distances to conduct chemical analysis for
determination of ST content according to oﬃcial protocols (VDLUFA
2005b). To form calibration and validation sets for ST, the same
procedure was applied as for DM and CP. Calibration and validation
sets resulted in 220 and 25 samples, respectively. Weight of plots
included in the calibration and validation sets for CP and ST ranged
between 3 and 15 kg. The harvesting temperature varied from 16 to
35C.
NIRS instruments and combine harvesters: Two Haldrup plot combine
harvesters (J. Haldrup a/s, Løgstør, Denmark) equipped with Zeiss
Corona 45 NIR (Carl Zeiss Jena GmbH, Jena, Germany) diode array
spectrometers were used for recording NOCH measurements. Near-
infrared spectra were collected in the 960–1690 nm spectral range, with
an interval of 6 nm and interpolated to an interval of 2 nm, resulting in
366 wavelengths. Software SPC2ISI (VDLUFA Qualita¨tssicherung
NIRS GmbH, Kassel, Germany) was applied for data conversion
into WINISI III (Infrasoft International, Port Mathilda, PA, USA)
format. A spectral ﬁlter was used to eliminate conveyor belt spectra, by
removing all spectra with absorbance values higher than a threshold
set for deﬁned wavelengths. The database of DM comprised measure-
ments collected from both combine harvesters, while CP and ST
databases comprised measurements from one combine harvester.
Two NIRSystems 6500 spectrometers (FOSS NIRSystems, Inc.,
Silver Spring, MD, USA) were used for taking laboratory NIRS
measurements. One spectrometer was equipped with a 3.5-cm diameter
sample cup for measuring ground grain. The other was measuring
whole-grain samples by using a 2-cm path length cuvette capable of
holding 100 g of grain. The near-infrared spectra were collected in the
400–2498 nm spectral range, with an interval of 2 nm, resulting in 1050
wavelengths.
Mathematical procedures for calibration and validation: All mathemat-
ical procedures on the spectral information and calibration develop-
ment were performed with WINISI III software.
Calibration models were developed by using the modiﬁed partial
least-squares algorithm (Shenk and Westerhaus 1991b) with the
following settings: wavelengths 960–1690 nm at 2-nm steps (366
wavelengths), four cross-validation segments, 2.5 as T residual limit
(Shenk and Westerhaus 1991b), 10.0 as global H outlier limit (Shenk
and Westerhaus 1991b), 10.0 as X limit (Infrasoft International 1995)
and two outlier passes. The mathematical treatment was set to 1,4,4,1,
where the ﬁrst number is the degree of the derivative, the second the
gap between data points for subtraction, and the third and fourth are
the number of data points used for smoothing.
The standard error of calibration (SEC) and standard error of
prediction (SEP) were calculated. These parameters correspond to the
standard deviation of diﬀerences between NOCH and reference
determinations for the calibration and validation sets, respectively.
Furthermore, we calculated the coeﬃcient of determination of calib-
ration (R2C) and the coeﬃcient of determination of validation (R
2
V),
which reﬂect the fraction of the variance of the reference values
explained by the variance of NIRS determinations.
In addition, we determined the ratio between the standard
deviation (SD) of the reference values in the validation set and the
SEP for each trait. The quality and future applicability of a
calibration can be judged by the SD/SEP ratio and the R2V (Williams
1987). A SD/SEP ratio lower than 2 indicates unsuitable calibrations,
while ratios between 2 and 3, 3 and 5, and 5 and 10 indicate
calibrations with limited, satisfactory, and good quality, respectively
(Diller 2002). Caution is required in interpreting the SD/SEP ratio
because it depends strongly on the distribution and number of
reference values. Therefore, it cannot be regarded as the ultimate
criterion for prediction quality. However, in combination with SEP,
the SD/SEP ratio is helpful for judging the predicted values and may
prevent erroneous conclusions concerning the real quality of a
calibration model.
Analysis of duplicate determinations: To assess the repeatability and
precision of NOCH and reference determinations of DM content, two
ﬁeld trials were harvested at Eckartsweier in 2004. Trial 1 was a a-
design with 35 hybrids and three replicates (105 plots). Trial 2 was a
randomized complete block design with 28 hybrids and two replicates
(56 plots).
After the ﬁrst NOCH measurement all harvested grain of the plot
was collected, and reﬁlled into the cyclone located in front of the
conveyor belt that transports the grain under the spectrometer. The
second NOCH measurement was taken within 5 min after the ﬁrst one.
DM determinations for the ﬁrst and second NOCH measurements
were obtained by applying the calibration model previously developed
for this trait. In addition, two samples of 0.3 kg were taken from each
harvested plot for duplicate determinations of DM content by the
conventional oven method.
An ANOVA was conducted with trials 1 and 2 to assess the diﬀerent
sources of variation. Repeatability of NOCH and conventional oven
DM determinations were calculated with the estimated components of
variance:
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Repeatability ¼ r
2
hybrids
r2hybrids þ Plot errorr þ Error of duplicate det.2r
;
where r2hybrids ¼ variance component due to hybrids, plot error ¼
variance component due to the plot error, error of duplicate det. ¼
variance component due to the error of duplicate determination and
r ¼ replicates. To evaluate the precision of DM determination by
NOCH and conventional oven method, we calculated the standard
error of diﬀerences (SED) that corresponds to the SD of diﬀerences
between duplicate determinations. Correlations between duplicate DM
determinations within each method were also calculated. Moreover, we
conducted an ANCOVA for each trial to estimate the genotypic
coeﬃcient of correlation (Mode and Robinson 1959) between the
DM determinations of both methods. Analyses of variance and
covariance were carried out with software PLABSTAT (Utz 2001).
Whole-grain vs. ground-grain NIRS analysis of CP content: In addition
to the plots of the trials 1 and 2 used for the analysis of duplicate
measurements, 88 plots of hybrids and 180 plots of inbred lines
harvested at Eckartsweier in 2004 were included in this analysis. From
all 429 plots, samples of approximately 0.3 kg were taken and oven-
dried to a constant weight at 55C. Based on NOCH spectral distances,
a representative set of 50 samples was selected. A ﬁrst laboratory NIRS
measurement was taken on whole grain, and a second on ground grain.
Finally, the samples were analysed in the laboratory for determination
of CP content (VDLUFA 2005a).
To investigate the power of NOCH for determination of CP in
comparison with laboratory NIRS, we calculated three calibration
models using lab reference values in combination with three diﬀerent
NIRS measurements. As spectral information, we used: (i) NOCH
measurements, (ii) laboratory NIRS measurements of whole-grain
samples and (iii) laboratory NIRS measurements of ground samples.
In addition, we calculated the correlation among CP values determined
by each method.
Results
The distribution of reference values in the calibration set for
DM, CP and ST covered a wide range (Table 1). The CV
exceeded 9% for DM and CP, but was smaller than 3% for
ST. We found a close agreement between NOCH and reference
determinations of DM, CP and ST contents. The R2C and R
2
V
values were highest (0.95) for DM, followed by CP (0.88) and
ST (0.79). The ratio of SD/SEP was also highest for DM.
The ANOVA showed that hybrids were by far the most
important source of variation for DM content (Table 2).
Variation because of plot error was greater than the corres-
ponding error of duplicate DM determination in both trials
and for both methods. The repeatability and precision of
NOCH and conventional oven method were similar in trial 1.
In trial 2, NOCH was more repeatable and precise than the
conventional oven method. Correlations between duplicate
determinations with each method were extremely high (r ¼
0.99) in both cases. The genotypic correlation between NOCH
and oven DM determinations was 0.99 for both trials.
We obtained higher SEC and lower R2C values for NOCH
than for laboratory NIRS determinations of CP based on
whole-grain material (Table 3). Minor improvements of SEC
and R2C were achieved using spectra from ground-grain
samples measured by laboratory NIRS.
Discussion
Potential of NOCH for determination of dry matter content and
quality parameters
The NOCH calibration model developed for determination of
DM content showed a better prediction performance than
those for CP and ST, as indicated by the R2V values and the
SD/SEP ratios (Table 1). Nevertheless, the results for CP and
ST based on a relatively small number of calibration and
validation samples, are encouraging for NOCH. However, the
calibrations should be extended by adding further samples
with a wider range in the spectral and reference values.
The calibration model for CP showed very promising results
for developing NOCH calibrations based on reference values
determined by laboratory NIRS calibrations. This is very
important for many breeding companies that have been
working with laboratory NIRS and intend to shift towards
NOCH. A logical procedure is to start with reference values
determined by a laboratory NIRS calibration and use a few lab
reference values for the ﬁrst NOCH calibration. Addition of
lab reference values corresponding to new samples should be
underwent every year, like it is routinely practiced for
laboratory NIRS, and the NOCH calibration model should
be updated and recalculated. Therefore, the NOCH calibration
model will initially contain laboratory NIRS and lab values as
reference values. Inclusion of lab reference values in the
subsequent years will not only improve the accuracy of the
calibration model, but also permit to start a NOCH calibration
without investing a considerable part of the annual budget in
wet chemical lab analyses. This procedure will result in a
smooth transition from laboratory NIRS to NOCH.
Analysis of duplicate measurements
The error of duplicate DM determinations for NOCH was
much lower than the plot error and the variation because of
hybrids (Table 2). This indicates that hybrid varieties can be
properly classiﬁed according to DM values by NOCH.
Furthermore, the high genotypic coeﬃcient of correlation
between NOCH and conventional oven method corroborates
that NOCH can replace the conventional oven method for
determination of DM content in grain maize.
Table 1: Statistics of the NOCH calibration and validation sets for dry matter (DM), crude protein (CP) and starch (ST) contents of maize grain
Trait
Number of samples Percentage
R2C R
2
V Ratio (SD : SEP)Calibration Validation Mean SD Range CV SEC SEP
DM 2449 1084 73.0 6.7 58.0–93.6 9.1 1.0 1.2 0.98 0.95 5.4
CP 445 50 10.6 1.0 7.7–13.6 9.5 0.3 0.3 0.89 0.88 3.0
ST 220 25 72.4 1.9 67.4–78.1 2.6 1.0 1.0 0.79 0.79 1.8
Descriptive statistics (mean, SD, range and CV) refer to the calibration set.
SD, standard deviation; CV, coefﬁcient of variation; SEC, standard error of calibration; SEP, standard error of prediction; R2C, coefﬁcient of
determination of calibration; R2V, coefﬁcient of determination of validation.
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The repeatability and precision of NOCH and conventional
oven method were similar in trial 1 but superior for NOCH in
trial 2. We expect a more distinct superiority of NOCH over
the conventional oven method when working under ordinary
conditions, because the stringent quality control measures
practiced in conducting the oven method at Eckartsweier (e.g.
perforate bags and excellent oven-drying facilities on site) are
not available at most experimental sites.
Capability of NOCH for determination of CP content
The NOCH showed a lower agreement between spectral and
lab CP reference values than laboratory NIRS (Table 3). One
main reason is very likely the way in which the spectral
inﬂuence of water as the dominant absorber in the near
infrared was reduced by the drying of our samples prior to
laboratory NIRS measurements. Drying results in reducing the
intensity as well as the variation of OH-absorption bands,
which are, linked spectrochemically to DM content. Conse-
quently, the relative importance of NH-absorption bands –
which are in turn linked spectrochemically to CP content – was
increased and improved the ease with which a high precision in
NIRS calibrations for CP could be brought about by labor-
atory NIRS in our calibration set.
In addition to the inﬂuence of sample preparation, sampling
aspects also played a role. The spectral information collected
by laboratory NIRS resulted from exactly the same samples
that were chemically analysed in the laboratory rather than
from the whole plot material measured by NOCH. Hence, the
higher agreement between the spectra collected by laboratory
NIRS and lab reference values could be partially attributed to
the minimal sampling errors that occurred between the two
types of analysis. This argument agreed well with the corre-
lations obtained among methods (Table 3).
Laboratory NIRS of ground grain showed a higher agree-
ment with lab CP reference values than laboratory NIRS of
whole grain (Table 3). However, this improvement was minor,
and we conclude that whole-grain analysis is not a major
limitation for determination of CP content in grain maize by
NOCH.
It may be argued that an important limitation of our NOCH
system for the determination of CP content is due to its narrow
wavelength coverage from 960 to 1690 nm, which is markedly
smaller than that of laboratory NIRS (400–2498 nm). NOCH,
thus, does not cover the range from 1900 to 2400 nm, where
NH-combination bands for determination of CP content are
located. However, when calibrations were based on the
complete wavelength range (400–2498 nm) and reduced wave-
length range (960–1690 nm), similar results for laboratory
NIRS of whole grain were obtained (data not shown). These
results indicate that the measurement of a wider wavelength
range for NOCH will not result in an improved determination
of CP content.
Future Prospects
The NIRS applications directly on agricultural harvesters
constitute a new development that is being actively promoted
by plant breeders, agronomists and agricultural engineers.
However, so far only limited resources have been made
available for a truly integrated development of spectrometers
and sample presentation systems on diﬀerent types of harvest-
ers in use for the major grain and forage crops. Moreover,
diﬀerent technical designs used for channelling and presenting
the harvested material to the spectrometer have not yet been
adequately subjected to comparative testing so that users are
uncertain which system is most accurate and precise.
Even more urgently, the integration of the software pack-
ages used for data management, data processing and calibra-
tion development must be improved. Diﬀerent software
packages were needed for using our NOCH system. An integ-
rated user-friendly software package needs to be developed.
Table 2: Components of variance,
repeatability, standard error of
diﬀerences (SED), correlation of
duplicate determinations, and gen-
otypic coeﬃcient of correlation
calculated for NIRS on combine
harvester (NOCH) and conven-
tional oven determinations of dry
matter (DM) content of maize
grain
Source of variation/statistic
Trial 1 Trial 2
df NOCH Oven df NOCH Oven
Components of variance
Hybrids 34 3.39** 3.02** 27 5.06** 6.35**
Plot error 63 0.73** 0.62** 26 0.18** 0.36**
Error of duplicate determination 100 0.11 0.09 55 0.04 0.19
Repeatability (%) 92.80 93.20 98.00 96.50
SED (%) 0.47 0.44 0.23 0.36
Correlation of duplicate determinations 0.99 0.99 0.99 0.99
Genotypic coefﬁcient of correlation 0.99 0.99
Trial 1 consisted of 35 hybrids in three replications, and trial 2 consisted of 28 hybrids in two replications.
**Signiﬁcant at P ¼ 0.01.
Table 3: Calibration statistics for
crude protein (CP) corresponding
to diﬀerent combinations of spec-
tral and lab reference values, and
correlations among CP values
determined by NIRS on combine
harvester (NOCH), laboratory
NIRS of whole grain, laboratory
NIRS of ground-grain and Kjel-
dahl analysis of maize grain (N ¼
50 samples)
Spectral values SEC (%) R2C
Coefﬁcient of correlation
Kjeldahl
analysis
Laboratory NIRS
(ground grain)
Laboratory NIRS
(whole grain)
NOCH 0.42 0.89 0.95 0.94 0.93
Laboratory NIRS
(whole grain)
0.29 0.95 0.97 0.96
Laboratory NIRS
(ground grain)
0.23 0.97 0.99
SEC, standard error of calibration; R2C, coefﬁcient of determination of calibration.
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Currently, some new products are appearing on the market
that promise improvements regarding software integration.
With the future development of such optimized, elaborate
systems it may be expected that easy calibration transfer will
follow as their regular feature. Moreover, standardization of
all NOCH systems on the basis of a standard sample as for
laboratory NIRS (master–slave instruments) may enable
spectra from all NOCH systems to be included in one
database. This procedure will then allow the employment of
a single calibration model in all NOCH systems, which will
result in reliable outcomes as with well-controlled laboratory-
based NIRS applications.
Speciﬁc to the application reported here, NOCH could
replace currently existing methods for determining DM
content of maize hybrids not only in breeding trials, but also
in oﬃcial tests for plant variety registration. For quality
parameters, further research will require an evaluation of the
NOCH and conventional methods over locations and years
because for oﬃcial tests, not only a correct ranking of hybrids
is needed, but also accuracy in the absolute values.
Application of NOCH during the harvest of ﬁeld trials can
improve the process of determining DM content and quality
traits for each harvested plot. Operations, which are part of the
conventional methods, such as sampling, weighing, transport-
ing, drying, grinding and chemical analysis, are avoided by
NOCH. NOCH represents a step towards the automation of
the whole process, provides the results immediately after
harvest, and saves labour, materials and energy resources.
Moreover, NOCH measures a larger amount of the harvest
mass per plot and, therefore, could provides a more represen-
tative assessment of each plot than laboratory NIRS or
conventional lab methods.
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Introduction
Near infrared (NIR) spectroscopy on plot combine har-
vesters (NOCH) and choppers (NOC) has been implemented 
successfully in maize breeding programmes for both grain 
and forage.1–4 This application of NIR spectroscopy facili-
tates and accelerates the selection of maize cultivars because 
the overwhelming procedures of sampling and laboratory 
determination of dry matter content and quality traits are 
eliminated. Moreover, the information for planning the next 
generation is available immediately after harvest of fi eld tri-
als. However, using NOCH or NOC requires development 
of accurate and reliable calibration models that relate the 
spectra and reference values.
Different calibration techniques can be used to develop 
the calibration models. The fi rst calibration techniques for 
analysing NIR spectra were based on multiple linear regres-
sion techniques that search for wavelength combinations 
producing the best model. More recently, calibration tech-
niques using all wavelengths of the spectrum, such as princi-
pal component regression (PCR), partial least square regres-
sion (PLSR) and modifi ed partial least square regression 
(MPLSR), have shown to yield superior models.5
NOCH and NOC utilise NIR diffuse refl ectance of solid 
materials, where light scatter as infl uenced by particle size 
and density of packing is the most important source of spec-
tral variance complicating the interpretation of the spec-
tra. Particle size and sample inhomogeneity account for the 
majority of the spectral variance, while spectral variance due 
to chemical composition is small. Light scattering causes 
every spectrum, even that of re-measurements of the same 
sample, to look slightly different because of the particle size 
distribution and alignment with the incident beam of light. 
While the quantitative information related to the constitu-
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ents is still contained within the spectral data, it may not be 
immediately apparent. Therefore, to retrieve the chemical 
information in the spectra and determine the grain composi-
tion, it is necessary to minimise the optical variance.
A variety of mathematical transformations and scatter cor-
rections can be used to minimise the optical variance due to 
particle size and light scatter and, consequently, maximise 
the chemical variance of the spectra. Derivatives are usually 
applied to correct two of the basic problems of NIR spectra: 
overlapping peaks and large baseline variations. The stand-
ard normal variate (SNV) correction effectively removes the 
multiplicative interferences of light scatter and particle size.6 
De-trending accounts for the variation in baseline shift and 
curvilinearity with the use of a second-degree poly nomial 
regression.7 The multiplicative scatter correction (MSC) 
attempts specifi cally to remove the effects of light scattering.7
The infl uence of calibration techniques, mathematical 
transformations and scatter corrections on the development 
of laboratory NIR calibrations has been studied.5–9 However, 
there is no information about their infl uence on the develop-
ment of NOCH or NOC calibrations. Compared with labo-
ratory NIR, conditions for measuring in NOCH and NOC 
are less ideal and, as a consequence, the infl uence of the 
optical spectral variance may increase and become prevalent. 
Therefore, research is warranted to investigate the relevance 
of calibration techniques, mathematical transformations and 
scatter corrections on the development of NOCH and NOC 
calibration models.
The objectives of our study were to assess the effects of 
(i) calibration techniques, (ii) mathematical transformations 
and (iii) scatter corrections on the development of calibra-
tion models based on NOCH spectra for the determination of 
dry matter (DM), crude protein (CP) and starch (ST) content 
of maize grain.
Materials and methods
Calibration and validation samples
Experimental hybrids from two breeding programmes for 
early-maturing maize in Central Europe were used for this 
study. Samples of approximately 0.3 kg were taken from 
29,266 plots originating from 250 fi eld trials during rou-
tine harvest at 10 locations in Germany (Duelmen, Vechta, 
Schwaebisch Hall, Aschersleben, Lichtenau-Scherzheim, 
Zeckerinsand, Zeckerin, Herchsheim, Kerken and 
Eckartsweier) and one location in France (Wissembourg), 
in 2003 and 2004. These samples were weighed immedi-
ately after harvest in the fi eld and later at the station after 
oven-drying to a constant weight at 105°C. DM content was 
calculated as the difference between these weights.
To compile calibration and validation sets with simi-
lar distribution of DM values, the complete data set was 
sorted by ascending DM values and, starting from the lowest 
value, 1084 samples were taken systematically for validation 
across the complete range of DM values. The calibration set 
(n = 2449) was chosen from the remaining samples by using 
the Center and Select algorithms.10 These algorithms use 
spectral information to select a set of representative samples 
for calibration. The DM calibration set consisted of 2449 
samples with a range of reference  values of 58.0–93.6%.
Seven field trials (comprising 495 plots) harvested at 
Eckartsweier in 2003 and 2004 were used for developing 
NOCH calibration models for determination of CP and ST 
content. The harvested samples were oven-dried to con-
stant weight at 55°C, ground and measured with a labora-
tory NIRSystems 6500 spectrometer (Foss NIRSystems, Inc. 
Silver Spring, MD, USA).
NOCH calibration for CP was performed by relating 
NOCH spectra with CP reference values determined by using 
a laboratory NIR calibration established previously. This lab-
oratory NIR calibration related NIR spectra of ground grain 
collected by a laboratory NIRSystems 6500 spectrometer 
with CP reference values determined by Kjeldahl analysis.11 
To form calibration and validation sets with a similar distri-
bution of CP values, an analogous approach was followed as 
for DM. After sorting by CP values, 50 samples were chosen 
to comprise the CP validation set. The remaining 445 sam-
ples were used for calibration. The range of reference values 
for CP was 7.7–13.6%.
NOCH calibration for ST was developed by directly 
relating NOCH measurements with lab reference values. 
From the 495 samples collected at Eckartsweier, a total of 
245 samples was selected on the basis of NOCH spectral 
 distances to conduct chemical analysis for determination 
of ST content according to offi cial protocol.12 To form cali-
bration and validation sets for ST, the same procedure was 
applied as for DM and CP. Calibration and validation sets 
resulted in 220 and 25 samples, respectively. The range of 
reference values for ST was 67.4–78.1%.
Combine harvesters and NIR instruments
Plot combine harvesters (J. Haldrup a/s, Løgstør, 
Denmark) equipped with Zeiss Corona 45 NIR (Carl Zeiss 
Jena GmbH, Jena, Germany) diode array spectrometers were 
used for NOCH measurements. NIR spectra were collected 
in the 960–1690 nm spectral range, with an optical resolu-
tion of 6 nm and a digital resolution of 2 nm, resulting in 366 
wavelengths. A spectral fi lter was used to eliminate conveyor 
belt spectra, by removing all spectra with absorbance values 
higher than a threshold set for defi ned wavelengths.
Calibration and validation procedures
In total, 84 calibration models were developed for each 
trait combining three calibration techniques, seven math-
ematical transformations and four scatter corrections.
We used PCR, PLSR and MPLSR as calibration techniques. 
PCR reduces the spectral data to a few combinations of the 
366 absorptions that account for most of the spectral varia-
tion. PLSR reduces the spectral data to a few combinations 
of absorptions that not only account for much of the spectral 
information but also relate to the reference value of the sam-
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ples. MPLSR is similar to PLSR, but it scales the reference 
data and spectral data at each wavelength to have a standard 
deviation of 1.0 before calculating each PLSR term.5
The mathematical transformations 0-0-1 (raw spectra), 1-
6-1, 1-12-1, 1-12-12, 2-12-1, 2-24-1 and 2-24-24 were tested. 
In each case, the fi rst number is the degree of the derivative, 
the second is the gap between data points for the subtraction 
and the third is the number of data points for smoothing.
As scatter correction techniques, we used SNV, SNV with 
detrending (SNVD) and MSC. Calibration models without 
scatter correction were also developed. SNV removes the 
multiplicative interferences of scatter and particle size by 
normalising each spectrum with the standard deviation of 
the responses across the entire spectral range.6
Mean response: a Ai i j
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where A is the n by p matrix of training set spectral responses 
for all wavelengths, Ai is a 1 by p vector of responses for 
a single spectrum in the training set, a–i is the average of 
all the spectral responses in the vector, n is the number of 
training spectra and p is the number of wavelengths in the 
spectra.
Detrending fi ts a quadratic polynomial to the responses in 
the spectrum by linear least squares regression. This curve is 
then subtracted from the spectrum. The quadratic curvature 
component attempts to correct for the effects of particle size 
and sample packing. This algorithm was applied in combina-
tion with SNV correction.7
MSC attempts to remove the effects of scattering by 
 linearising each spectrum to the average spectrum of the 
training spectra. The NIR absorptions in each spectrum are 
used to calculate a linear regression against the correspond-
ing points in the average spectrum. The slope and the offset 
values from this regression are subtracted and ratioed on 
the respective original training spectrum to give the MSC 
 corrected spectrum.7
Mean spectrum: A Aj i j
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Linear regression : A m A bi i i= +
MSC correction MSC: ( )A
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In these equations, A is the n by p matrix of training set 
spectral responses for all wavelengths, A– is a 1 by p vector of 
the average responses of all the training set spectra at each 
wavelength, Ai is a 1 by p vector of responses for a single 
spectrum in the training set, n is the number of training spec-
tra and p is the number of wavelengths in the spectra. The 
mi and bi values are the slope and the offset coeffi cients of 
the linear regression of the mean spectrum vector vs the Ai 
spectrum vector.
The calibration models were developed by using four cross-
validation groups without outlier passes. After  development 
of the calibration models, their performance was assessed 
in independent validation data sets by calculating the root 
mean square error of prediction (RMSEP). This parameter 
corresponds to the standard deviation of differences between 
NOCH and reference determinations for the validation set. 
The RMSEP refl ects the prediction ability of the models 
and, therefore, is an appropriate parameter to evaluate the 
performance among calibrations.
All mathematical procedures on the spectral information 
and calibration development were performed with WinISI 
III software (Infrasoft International LLC, State College, PA, 
USA).
Analysis of variance
An analysis of variance (ANOVA) was conducted to 
assess the relative importance of different sources of vari-
ation for the RMSEP. Calibration technique, mathematical 
transformation and scatter correction were considered as 
factors. The residual mean square (MS) corresponded to the 
three-way factor interaction. Calculations were performed 
by using SAS software (Cary, NC, USA).
Results
ANOVA showed that among all factors investigated, cali-
bration technique was by far the most infl uential factor for 
calibration performance (Table 1). The infl uence of calibra-
tion technique was highly significant and explained more 
than 80% of the variation observed in the RMSEP for DM 
and ST and 40% for CP (percentages were calculated using 
MS  values). On average, MPLSR and PLSR yielded calibra-
tion models with lower RMSEPs than PCR calibrations for 
all three traits (Figure 1). For DM and CP, the calibration 
techniques MPLSR and PLSR yielded models with similar 
accuracy. In the case of ST calibrations, MPLSR models were, 
on average, superior to those based on PCR and PLSR.
Mathematical transformations were not relevant for DM 
calibrations, but they were signifi cant for those for CP and 
ST (Table 1). The widening of derivatisation gaps yielded 
lower RMSEPs for CP calibrations (Table 2). The effect of 
the derivatisation gap for ST showed an interaction with the 
level of the derivative. The infl uence of the level of smooth-
ing was not consistent across traits.
The effect of scatter corrections was signifi cant for CP 
but not for DM and ST (Table 1). In the case of CP, calibra-
tion models without scatter correction resulted in the lowest 
RMSEPs (Table 2).
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Regarding the two-way interactions among factors, a sig-
nifi cant interaction was found between calibration technique 
and mathematical transformation for CP and ST calibrations 
(Table 1).
Mathematical transformations and scatter corrections 
caused considerable changes in the maize grain spectra 
(Figure 2). The original variation of maize grain spectra 
was presented in Graph A. Elimination of the baseline 
shifts and resolution of overlapping peak absorbances were 
achieved by using the fi rst and second derivatives (Graphs 
B–G). Multiplicative interferences of light scatter and par-
ticle size together with packing density were eliminated by 
applying the SNV, SNVD and MSC corrections (Graphs 
H–J).
Discussion
Empirical data on NIR applications for assessing the 
composition of grains directly on agricultural harvesters are 
scarce. Therefore, it seems imperative to verify the effect of 
commonly used spectral pre-treatments and the performance 
of calibrations techniques on NIR measurements conducted 
in the fi eld. Generally, under these conditions the well-estab-
lished sequence of steps in developing calibration models 
may also be followed: the fi rst step is to record the NIR spec-
tra and reference values on a suffi cient number of calibration 
and validation samples. The second step must be the determi-
nation of the sampling and reference method errors because 
a NIR method cannot correlate to a reference method better 
than the reference method correlates with itself. Hence, the 
error of the reference method is the practical lower limit of 
the standard error of calibration (SEC). The third step is to 
choose a combination of calibration technique, mathemati-
cal transformation and scatter correction that provides an 
“acceptable” SEC, usually from one to two times the refer-
ence method error.6 The fi nal step in developing calibration 
models is the focal point of the study presented here and 
consists of validating a model on a suffi cient number of 
samples and trying to check whether wavelengths and data 
pre-treatment represent an optimal choice for extracting the 
relevant information from the  spectral values.
In our NOCH study on the assessment of maize grain 
composition, calibration techniques showed a signifi cant 
effect on the RMSEP of calibration models for all traits. 
MPLSR and PLSR seem to yield more accurate calibra-
tion models than PCR for all traits (Figure 1). This result 
may form a clear guideline for choosing the best calibration 
technique to reduce the number of calculations needed for 
DM CP ST
Source of variation df MS
(× 10–2)
F MS
(× 10–2)
F MS
(× 10–2)
F
Caltech   2 4.75   41.67** 18.50 30.07** 64.67   90.66**
Math   6 0.28 2.48   7.94 12.92**   4.13     5.79**
Scatter   3 0.03 0.29 16.46  26.76**   1.16 1.63
Caltech*Math 12 0.25 2.20   2.59     4.22**   5.93     8.32**
Caltech*Scatter   6 0.02 0.24   1.01 1.65   2.10 2.94
Math*Scatter 18 0.08 0.71   0.55 0.90   1.10 1.54
** Signifi cant at the 0.01 level of probability
Caltech: calibration technique
Math: mathematical transformation
Scatter: scatter correction
df: degree of freedom
MS: mean square
F: F value
Table 1. Analysis of variance for the RMSEP of 84 calibration models for determination of DM, CP and ST contents in maize grain.
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Figure 1: Mean and variation range of the root mean square error 
of prediction (RMSEP) of calibration models developed by princi-
pal components regression (PCR), partial least square regression 
(PLSR), and modifi ed partial least square regression (MPLSR) for 
dry matter (DM), crude protein (CP), and starch (ST) content in 
maize grain
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fi nding acceptable calibration models. The differences in 
accuracy between PCR and PLSR or MPLSR calibration 
models may be explained by their calculation algorithms. 
PCR uses only spectral information without taking constitu-
ent information into account in defi ning regression factors. 
In contrast, PLSR and MPLSR reduce the spectral data to 
a set of factor combinations that not only account for much 
of the spectral information but also relate to the reference 
values. The tendency of MPLSR to outperform PLSR across 
all three traits may be explained by the standardisation of 
the reference and spectral data before the calculation of 
terms. MPLSR scales the reference values and the spectral 
data at each wavelength to have a standard deviation of 1.0 
before calculation of terms. This standardisation seems to 
have improved the relative information among samples and 
yielded a more stable performance across traits.
The effect of mathematical transformations was variable 
and showed a signifi cant infl uence on the accuracy of the 
calibration models for CP and ST but not for DM (Table 
1). Likewise, the effect of scatter correction techniques on 
the prediction ability of calibration models depended on the 
particular trait under consideration. It was signifi cant for CP 
but neither for DM nor for ST.
DM content is the most obvious and classical trait to be 
determined by NIR spectroscopy because of the very strong 
OH– absorption bands that are causally linked to the water 
content of the material. Correspondingly, the DM content of 
the intact maize grains measured here was closely and nega-
tively associated with intensity in the absorption maximum 
of the OH fi rst overtone at 1460 nm. Matrix effects in the 
form of spectral baseline variations showed a similarly close 
relationship with DM over the considerable spectral range 
between 1330 nm and 1630 nm (data not shown). However, it 
appears that the full-spectrum regression techniques secured 
the high prediction ability of our DM calibrations on the 
basis of OH band absorptivity alone and did not derive addi-
tional benefi ts from mathematical transformations or scatter 
correction techniques, which might have removed spectral 
variation unrelated to DM content. This is further substan-
tiated by the fact that the best calibration models for DM, 
grouped according to the method of mathematical trans-
formation or scatter correction, performed similarly, with 
RMSEP values between 1.24 and 1.30 (Table 2).
The NH and CH overtone bands, on which the assess-
ment of CP and ST is based in the spectral range of the 
InGaAs diode array spectrometer used here, are more 
 N
DM CP ST
X Max. Min. SD X Max. Min. SD X Max. Min. SD
RMSEP
Mathematical transformation*
None 12 1.32 1.39 1.25 0.05 0.74 1.20 0.52 0.21 1.29 1.74 0.94 0.31
1-6-1 12 1.30 1.40 1.25 0.05 0.76 0.94 0.49 0.13 1.31 1.58 1.06 0.19
1-12-1 12 1.28 1.36 1.25 0.03 0.68 0.97 0.52 0.11 1.25 1.82 0.90 0.27
1-12-12 12 1.31 1.48 1.24 0.08 0.68 0.79 0.53 0.08 1.21 1.49 0.98 0.15
2-12-1 12 1.30 1.42 1.25 0.05 0.85 1.01 0.51 0.17 1.19 1.25 1.06 0.05
2-24-1 12 1.30 1.38 1.26 0.04 0.65 0.88 0.44 0.16 1.17 1.28 1.12 0.05
2-24-24 12 1.33 1.37 1.30 0.02 0.60 0.76 0.45 0.11 1.31 1.41 1.18 0.07
Scatter correction
None 21 1.31 1.40 1.27 0.04 0.58 0.80 0.44 0.11 1.26 1.74 0.98 0.19
SNV 21 1.31 1.43 1.25 0.05 0.76 1.20 0.54 0.16 1.23 1.59 0.94 0.17
SNVD 21 1.30 1.38 1.25 0.04 0.76 1.01 0.54 0.13 1.27 1.82 0.96 0.21
MSC 21 1.31 1.48 1.24 0.06 0.73 1.07 0.55 0.15 1.23 1.60 0.90 0.18
N: number of calibration models 
*The fi rst number refers to the degree of the derivative, the second to the gap between data points for the subtraction, and the 
third to the number of data points of smoothing
SNV: standard normal variate
SNVD: standard normal variate + detrend
MSC: multiplicative scatter correction
Table 2. Mean (X), maximum (Max), minimum (Min) and SD for the RMSEP of 84 calibration models for determination of DM, CP and 
ST contents in maize grain, based on near infrared spectra measured on plot combine harvesters.
21
392 Measurement of Maize Grain Composition on Plot Combine Harvesters
0.0
0.2
0.4
0.6
0.8
1.0
1.2
1.4
950 1050 1150 1250 1350 1450 1550 1650
Wavelength (nm)
Lo
g 
(1
/R
)
(a)
-0.12
-0.10
-0.08
-0.06
-0.04
-0.02
0.00
0.02
0.04
950 1050 1150 1250 1350 1450 1550 1650
Wavelength (nm)
d[
Lo
g(
1/
R
)]
(b)
-0.25
-0.20
-0.15
-0.10
-0.05
0.00
0.05
0.10
950 1050 1150 1250 1350 1450 1550 1650
Wavelength (nm)
d[
Lo
g(
1/
R
)]
(c)
-0.20
-0.15
-0.10
-0.05
0.00
0.05
0.10
950 1050 1150 1250 1350 1450 1550 1650
Wavelength (nm)
d[
Lo
g(
1/
R
)]
(d)
-0.15
-0.10
-0.05
0.00
0.05
0.10
0.15
950 1050 1150 1250 1350 1450 1550 1650
Wavelength (nm)
d2
[L
og
(1
/R
)]
(e)
-0.40
-0.30
-0.20
-0.10
0.00
0.10
0.20
0.30
950 1050 1150 1250 1350 1450 1550 1650
Wavelength (nm)
d2
[L
og
(1
/R
)]
(f)
-0.30
-0.25
-0.20
-0.15
-0.10
-0.05
0.00
0.05
0.10
0.15
0.20
950 1050 1150 1250 1350 1450 1550 1650
Wavelength (nm)
d2
[L
og
(1
/R
)]
(g)
-2.0
-1.5
-1.0
-0.5
0.0
0.5
1.0
1.5
2.0
950 1050 1150 1250 1350 1450 1550 1650
Wavelength (nm)
SN
V[
Lo
g(
1/
R
)]
(h)
Figure 2. Near infrared spectra of maize grain measured on plot combine harvesters. Data correspond to 44 spectra from the dry matter 
(DM) calibration set. The spectra were selected across the complete DM range to show the spectral variation. Spectra (A) raw; (B) 1-6-1; 
(C) 1-12-1; (D) 1-12-12; (E) 2-12-1; (F) 2-24-1; (G) 2-24-24; (H) standard normal variate (SNV); (I) SNV with de-trending (SNVD); (J) 
multiplicative scatter correction (MSC).
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 complex, weaker in absorptivity and, therefore, more 
likely to be affected by background effects than OH 
bands. Consequently, mathematical treatment and scat-
ter correction techniques might be expected to promote 
the prediction ability of CP and ST calibration models 
to a larger extent than of DM models. At a fi rst glance, 
ANOVA results seemed to support this expectation in so 
far as mathematical treatment, as well as scatter correc-
tion, had a signifi cant effect on the prediction ability of 
the CP models. However, grouping of the RMSEP values 
according to the method of mathematical transformation 
and scatter correction revealed two conditions of spectral 
data treatment under which prediction ability for CP was 
highest (Table 2). The desired level of minimal RMSEP 
values for CP below 0.5 was reached if second derivative 
spectra were calculated ensuring a gap large enough for 
subtraction of neighbouring data points and a suffi cient 
degree of smoothing. Alternatively, the same goal was 
also achieved by avoiding any of the scatter correction 
techniques used here. A closer inspection of the calibra-
tion and validation sample spectra revealed that CP content 
and level of absorption were positively associated over the 
entire spectral range (data not shown). It appears that this 
positive association is attributable to the different density 
of packing of maize grains differing in CP content in our 
sample presentation system on a moving conveyor belt dur-
ing driving of the harvesters. Thus, it may be assumed that 
this indirect effect of light refl ection according to the depth 
of light penetration into the grain layer served as a positive 
reinforcement of the direct effects between NH bands and 
CP content in the calibration models without scatter cor-
rection. Based on this type of consideration, the good per-
formance of the calibration models, derived from second 
derivative spectra with a minimum gap size of 24, seemed 
to provide confl icting evidence because in partial analogy 
to scatter correction procedures, spectral derivatisation also 
removes spectral offsets.13 However, it is likely that in our 
case the resulting calibration models gained from the other 
function of the second derivative that consists of resolving 
overlapping absorption bands. Accordingly, these models 
may be expected to rely less on indirect relationships and 
more on actual absorption band information than the above-
 mentioned models that  incorporate none of the scatter 
correction techniques. This line of argument supports the 
expectation that the superior CP models for second deriva-
tive spectra should be analytically more robust because of 
their indirect relationships and reduced reliance on matrix 
effects. This hypothesis needs to be tested in following har-
vesting seasons when more independent sample sets with 
information on CP content are available to us.
When considering the effects of mathematical transfor-
mations and scatter correction techniques on CP and ST 
prediction it should be noted that in the samples investigated 
here, ST was more closely correlated with water as the main 
absorber (or DM vice versa) than CP. Thus, the ST calibra-
tion models are essentially directly and indirectly associated 
with DM information. Furthermore, in connection with the 
statistically signifi cant effects of mathematical methods for 
spectral transformation on the prediction of ST, the large 
variation in performance within the groups of comparable 
fi rst derivative models and the group of non-transformed 
models is apparent (Table 2). Within these groups, the best 
performing models are to be found but their group averages 
are inferior to the second derivative models 2-12-1 and 2-24-
1. Inconsistencies of this kind are probably a consequence 
of random error infl uences due to the small size of the ST 
validation set. 
Conclusions
Both in laboratory- and harvester-based NIR applica-
tions, considerable attention must be paid to the collection 
of a calibration set that contains a reliably characterised 
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Figure 2. Near infrared spectra of maize grain measured on plot combine harvesters. Data correspond to 44 spectra from the dry matter 
(DM) calibration set. The spectra were selected across the complete DM range to show the spectral variation. Spectra (A) raw; (B) 1-6-1; 
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high variability for both spectral and reference values. While 
chemometrics cannot correct for possible inadequacies of 
the calibration data, our NOCH study showed that calibra-
tion efforts can be minimised by focusing on MPLSR as 
the fi rst choice among calibration techniques. The signifi -
cance of spectral data pre-treatment appears to depend on the 
 particular constituent considered and affects DM to a lesser 
extent than CP or ST.
Acknowledgements
The authors acknowledge the assistance of the person-
nel at the Eckartsweier research station (University of 
Hohenheim) and Südwestsaat GbR. This study is part of 
project P-0032901PLB3A, funded by the Gemeinschaft 
zur Förderung der privaten deutschen Pflanzenzüchtung 
eV (GFP) ,  Germany,  w i th in  the  p rogramme 
“INNOvationskompetenz mittelständischer Unternehmen 
– Projektform Personalaustausch” of the Bundesministerium 
für Wirtschaft und Arbeit (BMWA) and Arbeitsgemeinschaft 
industrieller Forschungsvereinigungen “Otto von Guericke” 
eV (AiF), Germany.
The authors appreciate the editorial work of Dr J. 
Muminovic, whose suggestions improved the style of the 
manuscript considerably.
References
1. R. Welle, W. Greten, B. Rietmann, S. Alley, G. Sinnaeve 
and P. Dardenne, Crop Sci. 43, 1407 (2003).
2. C. Pfi tzner, H. Meyer, G. Zieger and C. Paul, in Near 
Infrared Spectroscopy: Proceedings 11th International 
Conference, Ed by A.M.C. Davis and A. Garrido-Varo. 
NIR Publications, Chichester, UK, p. 1119 (2004).
3. R. Welle, W. Greten, T. Müller, G. Weber and H. 
Wehrmann, J. Near Infrared Spectrosc. 13, 69 (2005).
4. J.M. Montes, H.F. Utz, W. Schipprack, B. Kusterer, J. 
Muminovic, C. Paul and A. Melchinger, Plant Breeding, 
in press (2006).
5. J. Shenk and M. Westerhaus, Crop Sci. 31, 1548 (1991).
6. R.J. Barnes, M.S. Dhanoa and S.J. Lister, Appl. 
Spectrosc. 43, 772 (1989).
7. J. Duckworth, in Near Infrared Spectroscopy in 
Agriculture, Ed by C.A. Roberts, J. Workman, Jr and 
J.B. Reeves, III. ASA, CSSA and SSSA Publications, 
Madison, Wisconsin, USA, p. 115 (2004).
8. S.R. Delwiche and J.B. Reeves III, J. Near Infrared 
Spectrosc. 12, 177 (2004).
9. P. Dardenne G. Sinnaeve and V. Baeten, J. Near 
Infrared Spectrosc. 8, 229 (2000).
10. J. Shenk and M. Westerhaus, Crop Sci. 31, 469 (1991).
11. VDLUFA: Methodenbuch Band III. Methode 4.1.1 
Bestimmung von Rohprotein. http://www.vdlufa.de/
mb/mbiii/index.html (27/07/2005)
12. VDLUFA: Methodenbuch Band III. Methode 7.2.1 
Bestimmung von Stärke. http://www.vdlufa.de/mb/
mbiii/index.html (27/07/2005)
13. T. Fearn, NIR news 14, 9 (2003).
Received : 24 March 2006
Revised: 21 May 2005
Accepted: 31 May 2005
Web Publication: 19 September 2006
24
Montes et al. (2006) Plant Breeding. In review. 
 
 
 
4 Determination of chemical composition and nutritional 
attributes of silage corn hybrids by near-infrared spectroscopy 
on chopper: evaluation of traits, sample presentation systems 
and calibration transferability 
 
 
 
J.M. Montes · C. Paul · A.E. Melchinger 
 
 
Abstract 
 
Determination of dry matter (DM) and feeding value of silage corn (Zea mays L.) limits the 
number of genotypes that can be evaluated in breeding programs. Measuring plot material by 
near-infrared spectroscopy on chopper (NOC) allows to increase the number of genotypes to 
evaluate, and improves dramatically the efficiency of the data collection processes. The 
objectives of our study were to (i) compare the performance of two NOC sample presentation 
systems (conveyor belt vs. spout) for determination of DM and feeding value of silage corn 
hybrids (ii) identify limiting parameters in the performance of alternative NOC sample 
presentation designs and (iii) evaluate the calibration transferability between NOC systems 
equipped with different sample presentation designs. Two chopper machines were equipped 
with near-infrared diode array (DA) spectrometers. Sample presentation designs comprised 
the conveyor belt and spout systems. Drying-oven and laboratory near-infrared spectroscopy 
(NIRS) were used as reference methods to develop NOC calibrations. In association with its 
higher dynamic signal range the conveyor belt system yielded lower standard errors of 
prediction (SEP) than the spout system for most traits. Calibration transferability between 
NOC systems with different sample presentation designs was feasible.  
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Introduction 
 
The use of ensiled corn for feeding dairy and beef cattle is widespread in northern 
temperate regions, with a total global area under silage corn well above 10 million hectares. 
Nearly four million hectares of silage corn are grown in Europe, where France and Germany 
are the greatest producers. In North America, silage corn production extends over more than 
2.5 million hectares (Wilkinson and Toivonen, 2003), with the largest production in the States 
of Wisconsin, New York, and Minnesota (Coors and Lauer, 2001).  
Breeding of corn hybrids for silage use involves the assessment of whole plant DM 
yield per hectare and feeding value per kilogram of DM. Whole plant DM yield per hectare is 
clearly defined and can be assessed efficiently. In contrast, the definition and assessment of 
feeding value is highly complex. Moreover, feed evaluation systems are not standardized 
between countries, and prediction equations for assessing energy content in the same type of 
forage often differ dramatically even between neighboring countries (Lopez et al., 2000). For 
example, to predict feeding value of silage corn hybrids, the energy units for production of 
milk (UFL) and digestibility of non starch and non water-soluble sugars (DINAG) are used in 
France (Krützfeldt, 2004), the enzymatic digestibility of organic matter (ELOS) according to 
De Boever et al. (1986) and ST in Germany, and feed units for milk production (VEM) 
calculated by a specific equation (van Es, 1975) in Belgium and The Netherlands. 
The common procedure for determination of feeding value involves sampling, oven-
drying, milling, weighing and lab chemical or physical analyses. However, chemical analyses 
are expensive and inappropriate for breeding purposes. In contrast, physical analysis by 
laboratory NIRS is less expensive and has become a successful alternative for determination 
of chemical composition and nutritional attributes of silage corn hybrids (Andrés et al., 2005). 
However, laboratory NIRS is still labor intensive in the context of plant breeding, and the 
determination of feeding value limits the potential number of genotypes to evaluate. 
In recent years, technical advances in NIRS have allowed DA spectrometers to be 
coupled with chopper machines for taking spectral measurements during harvest of field 
trials. NOC offers two major advantages for determination of whole plant DM content and 
feeding value: the (i) elimination of manual sampling procedures, and (ii) immediate 
availability of relevant information. The use of NOC for determination of DM, starch (ST), in 
vitro digestibility, and soluble sugar (SS) was implemented successfully in breeding programs 
of silage corn hybrids (Welle et al., 2003).  
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At this early stage of NOC studies with silage corn, there is considerable uncertainty 
as to how sample presentation and NIRS measurements are best engineered in the process 
stream inside the chopper to ensure both analytical precision and high speed of sample 
processing. Currently, two different sample presentation systems exist for NOC, and they can 
basically be classified as conveyor belt and spout systems. Both collect consecutive spectra of 
successive portions of the total sample during continuous passage in the measurement 
channel. The conveyor belt system transports the chopped material at low speed under the 
spectrometer. It is generally equipped with pressure rollers to keep a constant distance 
between the measured surface of the sample and the spectrometer’s head. In the spout system, 
the spectrometer is located in an extreme of the spout, the chopped material is transported at 
high speed by air flow through the spout, and NIRS measurements are taken through a glass 
window that separates the flowing material and the measuring head of the spectrometer. To 
our knowledge, information about the comparative analytical performance of these two 
sample presentation systems has not been published.  
The objectives of our study were to (i) compare the performance of two NOC sample 
presentation systems (conveyor belt vs. spout) for determination of DM and feeding value of 
silage corn hybrids, (ii) identify limiting parameters in the performance of the optical systems 
of alternative NOC sample presentation designs and (iii) evaluate the calibration 
transferability between NOC systems equipped with different sample presentation designs. 
 
 
Materials and Methods 
 
Field trial, plant material: Experimental silage corn hybrids from breeding programs 
in France and Germany, grown and tested in 2005 in 6 600 plots, were used for this study. At 
three locations in France (Caen, Fougeres, and Wissembourg), plots consisted of double rows 
of 8 m2, with an average weight of about 50 kg. At five sites in Germany (Herchsheim, 
Laupheim, Lichtenau, Schwaebisch Hall, and Vechta), plots consisted of double rows of 9 m2 
with a similar average weight to those in France. 
Choppers and NIRS DA instruments: Field trials were harvested with two chopper 
machines with different sample presentation systems, coupled with Zeiss Corona 45 near-
infrared InGaAs DA spectrometers (Carl Zeiss GmbH, Jena, Germany). The chopper (John 
Deere 5440, Deere & Company, Mannheim, Germany) used for harvesting the trials in Caen 
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and Fougeres, was equipped with a conveyor belt that transports the chopped material at a 
speed of about  2 m s-1 under the DA spectrometer. Pressure rollers were located before the 
spectrometer to assure a measuring distance of about 13 mm between the material and the 
spectrometer’s head. In the other chopper (Champion C1200, Maschinenfabrik Kemper 
GmbH & Co. KG, Stadtlohn, Germany), the DA spectrometer was located in the spout’s 
curvature with NOC measurements taken through a glass window behind which the particles 
moved at an approximate speed of 30 m s-1. 
NOC spectra were collected in the 960-1690 nm spectral range, with a distance of 6 
nm between pixels interpolated to 2 nm increments, resulting in 366 wavelengths. Software 
CORA (Carl Zeiss Jena GmbH, Jena, Germany) was used in both DA spectrometers. Outlier 
spectra with absorbance values higher than a threshold set for defined wavelengths indicated 
an empty sample channel and were removed by specific filter routines. After filtering, about 
120 and 95 spectra per plot were averaged for the conveyor belt system and the spout system, 
respectively, and converted into WinISI III format (Infrasoft International LLC, State College, 
PA, USA) by software SPC2ISI (VDLUFA Qualitätssicherung NIRS GmbH, Kassel, 
Germany). 
Samples and quality traits: Immediately after harvest, sub-samples of approximately 
1 kg were taken from each plot and weighed. After oven-drying to a constant weight at 55°C 
at the station, DM content was calculated from weight differences. In addition, 5 500 plot 
samples from the field trials planed for quality assessment were ground and measured with a 
laboratory NIRSystems 6500 spectrometer (FOSS NIRSystems, Inc. Silver Spring, MD, 
USA).  
Quality parameters were derived by means of laboratory NIRS calibrations provided 
by VDLUFA (Qualitätssicherung NIRS GmbH, Kassel, Germany) and CRAGX (Centre de 
Recherches Agronomiques, Gembloux, Belgium). We assessed ST, CP, ELOS, DINAG, 
enzymatic digestibility of organic matter by Aufrére & Michalet-Doreau (1988) (DOM), 
UFL, VEM, acid detergent fiber (ADF), neutral detergent fiber (NDF), crude fiber (CF), and 
SS. 
Calibration and validation procedures: Calibration models for DM, ST, CP, and 
ELOS were developed for both sample presentation systems to assess the potential of NOC 
for determination of whole plant DM content and feeding value of silage corn hybrids. In 
addition, we developed NOC calibrations for DINAG, DOM, UFL, and VEM (only conveyor 
belt system), and ADF, NDF, CF, and SS (only spout system).  
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To compile calibration and validation sets with a similar distribution of reference 
values, the complete data set was sorted by ascending reference values and, starting from the 
lowest value, every tenth sample was systematically removed and reserved for validation 
across the complete range of reference values. The calibration set was formed with the 
remaining samples. This procedure was followed for the development of all calibration 
models. 
Mathematical procedures on the spectral information and calibration development 
were performed with WinISI III software. Calibration models were developed by using the 
modified partial least squares algorithm (Shenk and Westerhaus, 1991) with the following 
settings: wavelengths 960 to 1690 nm at 2-nm steps (366 wavelengths), four cross validation 
segments, 2.5 as T residual limit (Shenk and Westerhaus, 1991), 10.0 as global H outlier limit 
(Shenk and Westerhaus, 1991), 10.0 as X limit (Shenk and Westerhaus, 1992), and two 
outlier passes. Three mathematical treatments were tested for each calibration: 0,0,1,1 (raw 
data), 1,4,4,1, and 2,24,24,1, where the first number refers to the degree of the derivative, the 
second to the gap between data points for subtraction, and the third and fourth to the number 
of data points used for smoothing. 
The standard error of calibration (SEC), standard error of prediction (SEP), and 
standard error of prediction after bias correction (SEPC) were calculated according to Locher 
et al. (2005). The lowest SEP was used as criterion for selection of the best calibration model. 
Furthermore, we calculated the coefficient of determination of calibration (R2C) and validation 
(R2V), which reflect the fraction of the variance of the reference values explained by the 
variance of NOC determinations. 
In addition, we determined the ratio between the standard deviation (SD) of the 
reference values in the validation set and the SEP for each trait. The quality and future 
applicability of calibrations across traits can be assessed by the SD:SEP ratio and R2V 
(Williams, 1987). Caution must be exercised in interpreting the SD:SEP ratio because it 
depends strongly on the distribution and number of reference values. Therefore, it cannot be 
regarded as the ultimate criterion for prediction performance. However, in combination with 
SEP, the SD:SEP ratio is helpful for judging the predicted values and may prevent erroneous 
conclusions concerning the true performance of a calibration model. 
Analysis of calibration transferability: We merged calibration sets from both sample 
presentation systems for DM, ST, CP, and ELOS to assess the transferability of calibration 
models between choppers equipped with different sample presentation systems. Following the 
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same procedure, the validation sets were merged and used to validate the combined 
calibration. To test the transferability without combination of data from both sample 
presentation systems, the calibration developed for each individual chopper was used to 
predict the validation set corresponding to the other chopper and vice versa. Furthermore, the 
individual validation sets were predicted with the combined calibration. 
 
 
Results 
 
The variation in the reference values used to develop the NOC calibrations for 
conveyor belt and spout systems differed according to the particular trait considered (Table 1 
and Table 2). High CV values were observed for DM, ST, and SS, medium CV values for CP 
and fiber contents (CF, ADF, NDF), and low CV values for digestibility and energy-related 
traits (DINAG, ELOS, DOM, UFL, and VEM).  
For each sample presentation system, high R2C and R2V values above 0.75 were 
observed for DM, ST, and SS. These cases are characterized by a high variation in the sample 
sets, exemplified by CV values above 10, and are the only ones in which SD:SEP ratios were 
above 2.0. The corresponding R2C and R2V values for fiber and energy-related traits were 
lower than 0.5. 
Traits investigated in common for both sample presentation systems, showed similar 
means, SDs, and ranges in DM, ST, CP, and ELOS (Tables 1 and 2). However, the values of 
SEC and R2C demonstrated generally a superiority of the conveyor belt over the spout system. 
Independent validation of the calibration models for DM, ST, CP, and ELOS confirmed 
generally higher precision of the conveyor belt system in comparison with the spout system, 
in terms of SEP and R2V.  
The mean spectra obtained in the two NOC sample presentation systems differed (Fig. 
1 A) and also the standard deviation of their log 1/R values (Fig. 1 B). In the conveyor belt 
system, the baseline of the spectra was lower but the OH-band absorptions between 1400 nm 
and 1500 nm were conspicuously higher than in the spout measurements. At two prominent 
absorption bands of water (see Williams and Norris 1987), superior fits between DM and 
absorbance values were observed for the conveyor belt system as compared with the spout 
system (Fig. 2). 
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Analysis of calibration transferability 
Prediction on conveyor belt spectra by using calibration models developed exclusively 
from data of the spout system yielded generally inferior results in comparison to the “within-
system-predictions” of Table 1 with yet satisfactory predictions for DM but poor results for 
ST, CP and ELOS (Table 3). A large bias was observed for all traits. Similarly, prediction on 
spout system spectra by using calibration models developed from data collected only in the 
conveyor belt system, resulted also in inferior results compared to the equivalent “within-
system-predictions” of Table 2, also with satisfactory predictions for DM but poor ones for 
ST, CP and ELOS. A large bias was observed for DM, ST, and ELOS. Merging calibration 
sets from both sample presentation systems improved considerably the calibration 
performances for all traits analyzed and eliminated the bias effects in the validation sets. 
 
 
Discussion 
 
In the present incipient phase of NOC technology the development and 
implementation of NOC instrumentation proceeds in a very different way from the 
introduction of conventional NIRS laboratory systems in the past. Due to the complexity of 
the engineering task, the challenge of integrating sample presentation and NIRS 
measurements in the NOC process stream inside agricultural harvesters has not been taken up 
by the optical companies that manufacture DA spectrometers. Therefore, plant breeding 
companies are forced to develop individual solutions by in-house engineering.  
At present, the NOC studies fall into either of two categories: a) engineering tests on 
alternative hardware designs without access to mature NIRS equations (Reyns 2002) or b) 
straight NOC applications directly in plant breeding operations (Welle et al. 2003) without 
consideration of alternative hardware designs. Our report here represents a new category of 
NOC studies, where two different sample presentation designs in two separate extensive plant 
breeding programs provide clues for further optimization.  
 
Potential of NOC systems for determination of DM and feeding value 
Performance of NOC calibrations appears to be inferior to those from equivalent 
laboratory NIRS applications on dried and ground silage corn (Welle et al. 2003). However, 
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evaluation of corn hybrids by means of laboratory measurements leads to error propagation 
via successive steps of sampling in the field and in the laboratory. In contrast, NOC 
applications are less likely to violate representativeness of sampling – not only because the 
laboratory sampling step can be avoided but also because NOC allows a much larger amount 
of the harvested material to be measured. In a companion study, the SEPs of NOC 
calibrations were of similar magnitude as the standard error of duplicate determinations in 
separate sub-samples per plot for the corresponding reference methods (data not shown). This 
indicates that the analytical reliability of NOC tends to be underestimated if the relevant 
sampling errors are not considered. Correspondingly, in forage yield trials of Welle et al. 
(2003) the genotypic variance component for DM was always higher and the residual 
variance for DM was always lower when NOC based data rather than reference data (oven 
drying method) were used for evaluation.  
Our results generally confirm those of Welle et al. (2003) on the potential of NOC for 
plant breeding operations in silage corn. The analytical errors of our NOC predictions for 
DM, ST, and SS are of the same order of magnitude as those reported by Welle et al. (2003), 
although different harvesters, NIRS instruments, and sample presentation systems were used.  
In our study, the NOC sample presentation by conveyor belt (also used by Welle et al. 2003) 
either showed a superior performance to the NOC spout system for the determination of DM, 
ST, and CP or performed at least equally well, as in the case of ELOS. Superiority of the 
conveyor belt system may be attributed to the lower spectral baseline, higher absorbance 
values in the OH-band region (Fig. 1 A) and generally higher variance of the absorbance 
values (Fig. 1 B). These characteristics of the conveyor belt spectra enabled a better fit 
between DM constituent data and optical data at 1409nm and 1460nm (Fig. 2) as the most 
important OH-band positions in the InGaAs-spectral range (see Williams and Norris 1987). 
Thus, the main advantage of the conveyor belt system over the spout system resides in its 
higher dynamic range, i.e., in the range of absorbance values on which NIRS predictions are 
based.  
 
Calibration transferability 
 Calibration transfer between NOC systems equipped with conveyor belt and spout 
sample presentation designs was feasible after merging spectra from both NOC systems. We 
opted against calibration transfer on the basis of the standardization procedure used by Welle 
et al. (2003). These authors corrected a small wavelength inaccuracy and a deviation in 
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photometric scale of about 0.01 absorption units between the two instruments used in their 
study. The up to twenty-fold higher deviation in photometric scale observed between the 
spout and conveyor belt systems in our tests is mainly caused by the difference in sample 
presentation. And adjustments for exactly this effect by means of appropriately derived 
standardization functions are impossible because in the spout and conveyor belt sample 
presentation systems identical surfaces of standard samples cannot be tested under operating 
conditions. As a consequence, the adjustment between the two optical systems in our study 
was more appropriately achieved via the calibration process. But, as expected, merging 
calibration data from both systems did not compensate for the lower dynamic range and lower 
predictive performance of the spout system as compared to the conveyor belt system. 
 
Optical windows in NOC measurements 
NOC spout measurements through an optical window are fully functional only when 
the window is self-cleaning between successive plots. However, sticky residual plant material 
and deposited dust may cause carry over on the optical window, decrease the variance in the 
absorbance values between plots and thus reduce the dynamic range of the optical system. 
Detailed investigations are needed to clarify whether the analytical performance of the spout 
system is indeed limited by contamination of the optical window. We recommend that the 
dynamic range of the optical system as affected by sample presentation should be observed in 
such studies as a critical indicator of analytical performance. 
 
NOC systems in plant breeding and precision farming 
In the absence of international standardization of feeding value definitions, NOC 
provides an opportunity when different quality traits in different countries need to be taken 
into consideration for cultivar registration. The conversion of NIRS spectra as unique 
characteristics of silage corn hybrids can potentially be directed at any of the feed evaluation 
systems established in various countries. NOC spectra can be transformed into specific 
feeding value attributes for any scheme of ruminant feed evaluation, as we did in this study by 
applying the required calibrations for predicting feeding value of silage corn hybrids for 
milking cows in France and Germany. The same is true for the assessment of silage corn 
potential for the newly emerging market for biogas production in Europe. So, the versatility of 
NOC measurements enables strategic concepts of calibration and calibration transfer to be put 
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in place by plant breeding companies intending to extend their corn seed marketing and sales 
beyond national markets and beyond conventional use as fodder.  
In a different domain, NOC use in plant breeding sets an example for precision 
farming. Intense research and development efforts are under way in agricultural engineering 
companies to provide farmers with NOC sensors. Due to the high processing speeds achieved, 
sample presentation by spout systems are presently seen as the only feasible option for such 
precision farming applications. We have shown that spout systems do possess disadvantages 
and suggest that efforts for their improvement incorporate the dynamic signal range of the 
optical systems to be tested as a crucial criterion of analytical performance. 
 
 
Conclusions 
 
For the first time, we have shown that the type of sample presentation in NOC 
configurations may limit the dynamic signal range of the optical system. Further 
investigations are needed to elucidate why measurements in the spout of the chopper reduce 
the dynamic range in comparison with measurements performed on the conveyor belt. 
Irrespective of whether this is an inherent characteristic of measurements in the spout, NOC 
calibration transferability was shown to be feasible after merging spectra from both sample 
presentation systems. We recommend the dynamic range of the optical system and the amount 
of material measured as guide parameters in designing optimal NOC configurations for the 
purposes of plant breeding and precision farming.  
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Tables and Figures 
Table 1: Statistics of the calibration and validation sets for near-infrared spectroscopy on chopper (NOC) equipped with the conveyor belt 
system in silage corn hybrids. Descriptive statistics (Mean, SD, Range and CV) refer to the calibration set. DM = dry matter, ST = starch, CP 
= crude protein, ELOS = enzymatic digestibility of organic matter (De Boever), DINAG = digestibility of non starch and non water-soluble 
sugars, DOM = enzymatic digestibility of organic matter (Aufrére & Michalet-Doreau), UFL = energy units for production of milk, and VEM 
= feed units for milk production. 
 
 No. of samples           Ratio 
Trait Calibration Validation Mean SD† Range CV‡ SEC§ SEP¶ SEPC# BIAS R2C†† R2V ‡‡ SD:SEP 
   ----------- g kg-1 ------------ -%- ------------------ g kg-1 -----------------    
DM 2817 313 302 34 199-442 11.3   8   9   9 - 0.5 0.95 0.93 3.8 
ST 2287 254 273 45 117-460 16.5 20 21 21 - 0.9 0.78 0.78 2.1 
CP 2287 254   75   6     57-95   8.0   4   4   4   0.0 0.61 0.52 1.5 
ELOS 1153 128 689 23 618-765   3.3 15 15 15 - 0.2 0.56 0.57 1.5 
DINAG 2289 255 533 27 459-614   5.1 17 18 18 - 0.9 0.57 0.59 1.5 
DOM 2289 255 689 25 561-758   3.6 17 20 20 - 0.8 0.49 0.40 1.3 
   ------------ MJ kg-1 ---------- -%- ----------------- MJ kg-1 ----------------    
UFL 2289 255 9.2 0.3 7.9-10.0   3.3 0.2 0.2 0.2   0.0 0.45 0.37 1.3 
VEM 2289 255 9.2 0.2   8.1-9.9   2.2 0.2 0.2 0.2   0.0 0.44 0.46 1.3 
†SD = standard deviation 
‡CV = coefficient of variation 
§SEC = standard error of calibration 
¶SEP = standard error of prediction 
#SEPC = standard error of prediction after bias correction 
††R2C = coefficient of determination of calibration 
‡‡R2V = coefficient of determination of validation 
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Table 2: Statistics of the calibration and validation sets for near-infrared spectroscopy on chopper (NOC) equipped with the spout system in 
silage corn hybrids. Descriptive statistics (Mean, SD, Range and CV) refer to the calibration set. DM = dry matter, ST = starch, CP = crude 
protein, ELOS = enzymatic digestibility of organic matter (De Boever), ADF = acid detergent fiber, NDF = neutral detergent fiber, CF = 
crude fiber, and SS = water-soluble sugars. 
 
 No. of samples           Ratio 
Trait Calibration Validation Mean SD† Range CV‡ SEC§ SEP¶ SEPC# BIAS R2C†† R2V ‡‡ SD:SEP 
   ------------ g kg-1 ----------- -%- ------------------- g kg-1 ----------------    
DM 3117 347 318 34 230-423 10.7 12 14 14   0.3 0.88 0.84 2.4 
ST 2245 250 274 46 83-400 16.8 22 23 23   0.9 0.77 0.75 2.0 
CP 2252 250   72   5 57-90   6.9   3   4   4     0.0 0.55 0.48 1.3 
ELOS 2250 249 681 25 589-761   3.7 17 17 17 - 0.9 0.48 0.52 1.5 
ADF 2252 250 226 18 170-303   8.0 13 14 14     0.8 0.43 0.35 1.3 
NDF 2254 250 454 28 347-562   6.2 19 21 21 - 1.0 0.46 0.40 1.3 
CF 2254 250 200 16 149-266   8.0 11 11 11     0.5 0.50 0.50 1.5 
SS 2253 251   79 19 30-160 24.0   8   9   9 - 0.6 0.83 0.81 2.1 
 
†SD = standard deviation 
‡CV = coefficient of variation 
§SEC = standard error of calibration 
¶SEP = standard error of prediction 
#SEPC = standard error of prediction after bias correction 
††R2C = coefficient of determination of calibration 
‡‡R2V = coefficient of determination of validation 
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Table 3: Analysis of calibration transferability between near-infrared spectroscopy on chopper (NOC) systems in silage corn hybrids. DM = 
dry matter, ST = starch, CP = crude protein, ELOS = enzymatic digestibility of organic matter (De Boever) 
 
   DM ST CP ELOS 
 Calibration Set  Validation Set SEPC† BIAS R2V‡ SEPC BIAS R2V SEPC BIAS R2V SEPC BIAS R2V
   ------ g kg-1------  ------ g kg-1-----  ----- g kg-1-----  ----- g kg-1-----  
Spout  Conveyor belt 20    43.7 0.66 157   179.0 0.10 14 - 4.1 0.14 119   125.7 0.02 
Conveyor belt  Spout 21  - 72.7 0.66   40 - 221.4 0.26   8 - 0.7 0.00   28 - 217.0 0.00 
Spout+Conveyor belt  Spout 14      0.0 0.83   27        0.2 0.67   4   0.0 0.41   17     - 1.1 0.50 
Spout+Conveyor belt  Conveyor belt 10    - 0.2 0.92   23     - 1.9 0.72   5   0.0 0.48   16       0.6 0.51 
Spout+Conveyor belt  Spout+Conveyor belt 13    - 0.1 0.86   25     - 0.9 0.69   4   0.0 0.47   17     - 0.5 0.51 
 
†SEPC = standard error of prediction after bias correction 
‡R2V = coefficient of determination of validation 
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Fig. 1: Mean spectrum (A) and spectral standard deviation (B) obtained in the conveyor belt 
and spout systems in silage corn hybrids. 
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Fig. 2: Absorbance values at 1409nm (A) and 1460nm (B) for dry matter (DM) content of 
silage corn samples measured in the conveyor belt and spout systems. 
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5 Quality assessment of rapeseed accessions with near-infrared 
spectroscopy on combine harvesters 
 
 
 
J.M. Montes · C. Paul · A.E. Melchinger 
 
 
Abstract 
 
Optimization of data collection processes in plant breeding programs is of highest 
importance for plant breeders. In rapeseed breeding, data collection and selection must be 
carried out in a very restricted period of time because of the short time span between 
harvesting and sowing. Near-infrared spectroscopy on combine harvester (NOCH) improves 
the data collection processes in breeding programs of grain crops like maize, and it may also 
improve the data collection processes in breeding programs of rapeseed. The objective of our 
study was to assess the potential of NOCH for determination of dry matter (DM), crude 
protein (CP), oil and glucosinolate (GSL) contents in rapeseed. A plot combine harvester 
equipped with a near-infrared diode-array spectrometer was used. Reference values for DM 
content were determined by the oven method. Reference values for the quality traits were 
established by laboratory near-infrared spectroscopy (NIRS). NOCH showed high potential 
for determination of DM, CP, oil, and GSL contents. Use of NOCH in breeding may increase 
the efficiency of data collection processes and might accelerate dramatically the development 
of rapeseed cultivars. 
 
Key words: Near-infrared spectroscopy on combine harvester – rapeseed – dry matter – 
protein – oil – glucosinolate – Brassica napus 
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The determination of DM content and quality traits by laboratory NIRS analysis of 
intact rapeseed has proved to be successful (Tkachuk 1981, Reinhardt 1992, Tillmann 1997, 
Míka et al. 2003, Font et al. 2005), and it is a method used routinely in many rapeseed 
breeding programs. In comparison with wet chemistry analysis, laboratory NIRS analysis of 
intact rapeseed brings three major advantages: (i) grinding of material is not required, (ii) the 
analyzed seeds can be grown to produce subsequent generations, and (iii) the relevant 
information is available earlier. However, laboratory NIRS analysis is still inefficient in terms 
of sample handling and time requirements in a plant breeding context. 
In recent years, technical advances in instrumental NIRS have allowed spectrometers 
to be mounted on combine harvesters and choppers for measuring plot spectra simultaneously 
with harvest of field trials. This new area of NIRS applications has been implemented 
successfully in grain and silage maize breeding programs (Welle et al. 2003 and 2005, 
Pfitzner et al. 2004, Montes et al. 2006). To our knowledge, information about the 
determination of DM content and quality traits of rapeseed by NOCH has not been reported. 
The objective of our study was to assess the potential of NOCH for determination of 
DM, CP, oil, and GSL contents in rapeseed. 
For this study, experimental rapeseed varieties were grown at Böhnshausen, Germany, 
in 2004. A Haldrup plot combine harvester (J. Haldrup a/s, Løgstør, Denmark) equipped with 
Zeiss Corona 45 near-infrared diode-array spectrometer (Carl Zeiss Jena GmbH, Jena, 
Germany)  was used for harvesting and recording NOCH measurements. Near-infrared 
spectra were collected in the 960-1690 nm spectral range, with a distance of 6 nm between 
pixels interpolated to 2 nm increments, resulting in 366 wavelengths. A spectral filter was 
used to eliminate meaningless spectra indicative of an empty conveyor belt, by removing all 
spectra with absorbance values higher than a threshold set for defined wavelengths. Plot 
samples were collected, oven-dried, and measured with a laboratory NIRSystems 6500 
spectrometer (FOSS NIRSystems, Inc. Silver Spring, MD, USA). DM content was 
determined by weight differences between fresh and dried samples. CP, oil, and GSL contents 
were determined by laboratory NIRS. 
Mathematical procedures on the spectral information and calibration development 
were performed with WinISI III (Infrasoft International LLC, State College, PA, USA) 
software. Calibration models were developed by using the modified partial least squares 
algorithm (Shenk and Westerhaus, 1991) with the following settings: wavelengths 960 to 
1690 nm at 2-nm steps (366 wavelengths), four cross validation segments, 2.5 as T residual 
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limit (Shenk and Westerhaus, 1991), 10.0 as global H outlier limit (Shenk and Westerhaus, 
1991), 10.0 as X limit (Shenk and Westerhaus, 1992) and two outlier passes. Three 
mathematical treatments were tested for each calibration: 0,0,1,1 (raw data), 1,4,4,1, and 
2,24,24,1, where the first number is the degree of the derivative, the second is the gap 
between data points for subtraction, and the third and fourth are the number of data points 
used for smoothing. 
The standard error of calibration (SEC) and standard error of cross-validation (SECV) 
were calculated. The lowest SECV was used as criteria for selection of the best calibration 
model. Furthermore, the coefficient of determination of calibration (R2C) and coefficient of 
determination of cross-validation (R2CV) were obtained. In addition, we determined the ratio 
between the standard deviation of the reference values in the calibration set and the SECV for 
each trait to assess the future applicability of the calibration. 
Among all traits investigated, DM content showed the highest potential for 
determination by NOCH, followed by oil, CP, and GSL contents (Table 1). In addition, 
NOCH calibrations for DM, CP, oil and GSL yielded similar calibration performances to 
those reported for laboratory NIRS analysis of intact rapeseed (Tkachuk 1981, Tillmann 1997, 
Míka et al. 2003). 
A first approximation to study the influence of the harvest purity on the NOCH spectra 
revealed a considerable baseline-effect between 960 and 1400 nm when comparing two 
contrasting harvest purities (Figure 1 and 2). 
In breeding programs of rapeseed, there is a very short and strict time span available 
for data collection and selection. Hence, plant breeders need fast and accurate data collection 
methods in order to analyze traits and make selection decisions for the next generations on 
time. Our study showed that NOCH is a promising method for the assessment of DM content 
and quality traits in rapeseed accessions already at the stage of harvesting. Further research is 
warranted to validate NOCH calibrations by using data from different locations, harvest years, 
and combine harvesters, and to assess in detail the effect of harvest purity on the NOCH 
calibration performances. 
 
 
 44
Montes et al. (2006) Plant Breeding. In press. 
 
 
 
Acknowledgements 
The authors acknowledge the assistance of the personnel at Böhnshausen Breeding 
Station and Norddeutsche Pflanzenzucht. This study is part of project P-0032901PLB3A, 
funded by the Gemeinschaft zur Förderung der privaten deutschen Pflanzenzüchtung e.V. 
(GFP), Germany, within the program "INNOvationskompetenz mittelständischer 
Unternehmen – Projektform Personalaustausch" of the Bundesministerium für Wirtschaft und 
Arbeit (BMWA) and Arbeitsgemeinschaft industrieller Forschungsvereinigungen "Otto von 
Guericke" e.V. (AiF), Germany. The authors appreciate the editorial work of Dr. J. 
Muminovic, whose suggestions improved the style of the manuscript considerably. 
 
 
References 
Font, R. B. Wittkop, A. G. Badani, M. del Río-Celestino, W. Friedt, W. Lühs and A. de Haro-
Bailón, 2005: The measurements of acid detergent fibre in rapeseed by visible and 
near-infrared spectroscopy. Plant Breeding 124, 410-412. 
Míka, V., P. Tillmann, R. Koprna, P. Nerusil, and V. Kucera, 2003: Fast prediction of quality 
parameters in whole seeds of oilseed rape (Brassica napus L.). Plant Soil Environ. 49, 
141-145. 
Montes, J. M., U. F. Utz, W. Schipprack, B. Kusterer, J. Muminovic, C. Paul, and A. E. 
Melchinger, 2006: Near-infrared spectroscopy on combine harvesters to measure 
maize grain dry matter content and quality parameters. Plant Breeding. (In press) 
Pfitzner, C., H. Meyer, G. Zieger, and C. Paul, 2004: Dry matter assessment in maize grains 
by NIR- diode array spectrometer on combine harvesters. In: Davies, A.M.C., and A. 
Garrido-Varo (edts) Near Infrared Spectroscopy: Proc. 11th Int Conf., 463 – 468, 
Cordoba, Spain. 
Reinhardt, T.-C., 1992. Entwicklung und Anwendung von Nah-Infrarot-spektroskopischen 
Methoden für die Bestimmung von von Öl-, Protein-, Glucosinolat-, Feuchte- und 
fettsäure-Gehalten in intakter Rapssaat. Ph.D. Diss. Georg-August-Universität 
Göttingen, Göttingen, Germany. 
Shenk, J., and M. Westerhaus, 1991: Population structuring of near infrared spectra and 
modified partial least squares regression. Crop Sci. 31, 1548-1555. 
Shenk, J., and M. Westerhaus, 1992: Winisi II Manual. Infrasoft Int., Port Matilda, PA. 
 45
Montes et al. (2006) Plant Breeding. In press. 
 
 
 
 
Tillmann, P., 1997. Qualitätsuntersuchung von Raps mit der vernetzen 
Nahinfrarotspektroskopie (NIRS). Ph.D. diss. Georg-August-Universität Göttingen, 
Göttingen, Germany.  
Tkachuk, R., 1981: Oil and protein analysis of whole rapeseed kernels by near infrared 
reflectance spectroscopy. JAOCS. 819-822.  
Welle, R., W. Greten, B. Rietmann, S. Alley, G. Sinnaeve, and P. Dardenne, 2003: Near-
infrared spectroscopy on chopper to measure maize forage quality parameters online. 
Crop Sci. 43, 1407-1413. 
Welle, R., W. Greten, T. Müller, G. Weber, and H. Wehrmann, 2005: Application of near 
infrared spectroscopy on-combine in corn grain breeding. J. Near Infrared Spectroc. 
13, 69-75. 
 
46
Montes et al. (2006) Plant Breeding. In press. 
 
 
 
Tables and Figures 
Table 1: Calibration statistics for determination of dry matter content and quality traits in rapeseed by near-infrared spectroscopy on combine 
harvester (NOCH). Descriptive statistics (Mean, SD, Range and CV) refer to the calibration set. 
 
 
 
Trait No. of samples Mean SD1 Range CV2 SEC3 SECV4 R2C5 R2CV6 SD:SECV 
 in calibration set          
  -------------------------------%------------------------------    
Dry matter 530 91.3 1.7 86.0-94.4   1.9 0.3 0.3 0.97 0.96 5.7 
Crude protein 543 21.3 1.1 17.9-23.8   5.2 0.6 0.6 0.71 0.69 1.8 
Oil 544 45.3 1.7 40.8-49.6   3.8 0.9 0.9 0.73 0.71 1.9 
  ----------- μmol/g ----------- -%- ----- μmol/g ----    
Glucosinolate 548 13.6 2.8 4.4-21.4 20.6 2.1 2.2 0.44 0.40 1.3 
 
 
 
1SD = standard deviation 
2CV = coefficient of variation 
3SEC = standard error of calibration 
4SECV = standard error of cross-validation 
5R2C = coefficient of determination of calibration 
6R2CV = coefficient of determination of cross-validation
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Figure 1: Average plot spectrum corresponding to low (273 plots) and high (288 plots) 
harvest purity of rapeseed. 
 
 
 
 
Figure 2: Plot samples corresponding to low and high harvest purity of rapeseed. 
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6 General Discussion 
 
 
 Evaluation of a large number of genotypes requires particular attention to efficient field 
techniques and data handling. Trials should be arranged and managed to optimize work 
efficiency while maintaining small errors and bias in the data. In this context, the process 
of data collection is of high importance not only because it utilizes a considerable amount 
of the available resources, but also because selection decisions will rely on the information 
generated in this process. Therefore, optimization of data collection processes for accurate 
and precise evaluation of genotypes is of highest concern in plant breeding programs. 
 
 
NOCH and NOC as data collection processes in plant breeding programs 
 
 NOCH and NOC represent new applications of NIRS in plant breeding. Laboratory 
NIRS proved to be successful for determination of several traits in plant breeding programs 
(Tillmann 1997, Batten 1998, and Andrés et al. 2005). However, it requires sampling, 
sample handling, and sample preparation before analysis. NOCH and NOC are a step 
forward to the automation of the data collection process, where sampling and manual work 
are reduced drastically. This is of highest importance when numerous field trials must be 
harvested and analyzed in the experimental station and remote locations. Therefore, plant 
breeders try to automate as much as possible the process of data collection to enable 
evaluation of more genotypes and reduce sources of error in the data. 
 NOCH showed high potential for determination of DM in maize grain (Reyns 2002, 
Pfitzner et al. 2004, Welle et al. 2005, and Montes et. al 2006a). Determination of DM 
content in maize grain by NOCH became a routine process of data collection in European 
maize breeding programs because of its enhanced work efficiency. NOCH also showed a 
high potential for determination of CP and ST contents of maize grain, although its 
potential was lower than for DM (Montes et al. 2006a). NOCH calibration models for 
maize grain were encouraging, with standard error of prediction (SEP) and coefficient of 
determination of validation (R2V) of 1.2% and 0.95 for DM, 0.3% and 0.88 for CP, and 
1.0% and 0.79 for ST, respectively. 
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 The potential of NOCH for determination of DM and quality traits of rapeseed was also 
investigated in this thesis (Montes et al. 2006d). We reported NOCH calibration models 
with standard error of cross validation (SECV) and coefficient of determination of cross 
validation (R2CV) of 0.3% and 0.96 for DM, 0.6% and 0.69 for CP, 0.9% and 0.71 for oil, 
and 2.2 μmol/g and 0.40 for glucosinolate, respectively. Furthermore, we concluded that 
NOCH has a high potential for determination of DM, CP, oil, and glucosinolate contents of 
rapeseed and could replace laboratory NIRS analysis of intact seeds because NOCH 
calibration performances were similar to those from laboratory NIRS (Tkachuk 1981, 
Tillmann 1997, and Míka et al. 2003). 
 In breeding programs of silage maize, NOC showed highest potential for determination 
of DM content (Reyns 2002, Welle et al. 2003, and Montes et al. 2006c). Montes et al. 
(2006c) studied the potential of two NOC systems with different sample presentation 
designs (conveyor belt vs. spout). For the NOC system equipped with the conveyor belt 
design, calibration models for DM yielded an SEP of 0.9% and R2V of 0.93. For the NOC 
equipped with the spout design, the SEP and R2V were 1.4% and 0.84. Independently on 
the sample presentation design, the NOC systems showed high potential for determination 
of DM, ST, and soluble sugars (SS). The potential of the NOC systems for determination 
of fiber contents (CF, ADF, and NDF), digestibility, and energy-related traits was lower 
than for DM, ST, and SS (Montes et al. 2006c). 
 There are many factors affecting the potential of NOCH and NOC for determination of 
DM content and quality traits. Factors like sample presentation designs, calibration 
techniques, mathematical transformations of the near-infrared spectra, scatter corrections, 
and sample selection techniques for compiling calibration and validation sets, may affect 
the potential of NOCH and NOC for determination of traits. In addition, interactions 
among these various factors may occur, and therefore each specific trait must be 
considered individually. 
 The superior precision of NOCH for determination of DM content in maize grain 
compared with the traditional oven-drying method was reported by Montes et al. (2006a). 
We compared the errors between duplicate determinations of DM content for both methods 
and proved that NOCH yielded a more precise evaluation of the plot material. Moreover, 
accuracy is expected to be improved by NOCH and NOC because a larger amount of the 
plot material is measured than in oven-dried sample and laboratory NIRS analysis. In 
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addition, NOCH and NOC measurements are well distributed over the whole plot material, 
and a strong reduction in the sampling error is achieved. 
 The influence of the errors associated with the data collection process on the 
heritability and selection gain needs to be investigated. Heritability of some traits is heavily 
affected by the data collection process employed. The influence of different sources of 
error on the process of data collection may determine the usefulness of traits for selection. 
Therefore, a new process of data collection, which yields more accurate and precise 
evaluation of plot material, may enable the use of traits for selection that were not available 
with the former data collection process. 
 Another important factor to be analyzed when comparing different process of data 
collection is the time at which the information becomes available. This is of highest 
importance in rapeseed breeding programs with a short period of time between harvesting 
and sowing that limits the time span for making selection decisions. Also, in breeding of 
maize hybrids, information is needed timely to plan the winter nursery. NOCH and NOC 
provide relevant information immediately after harvest, which is their major advantage in 
comparison with traditional data collection processes that need weeks or even months for 
acquiring the results. 
 At this early stage of NOCH and NOC research, there is high uncertainty regarding the 
optimization of sample presentation designs. The companies that sell the near-infrared 
spectrometers have not taken over the engineering task of mounting the spectrometer into 
the agricultural machinery. Therefore, plant breeding companies are forced to find 
individual solutions without information about how to optimize the analytical performance 
of the NOCH and NOC optical systems. Montes et al. (2006c) identified the dynamic 
signal range, i.e., the spectral range on which predictions are based, as a guide parameter 
for the optimization of sample presentation designs in NOC systems. We identified the 
dynamic signal range when comparing the potential of two alternative NOC systems 
equipped with different sample presentation designs. In addition to the dynamic signal 
range, the amount of plot material measured was also indicated as a second parameter to 
improve the analytical performance of the NOC systems. 
 The quality of the information generated by NOCH and NOC systems depends highly 
on the development and maintenance of calibration models. The task of calibration 
development and maintenance can be overwhelming when there are several choppers and 
combine harvesters equipped with NIRS instruments. Therefore, the feasibility of 
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developing common calibrations that facilitate the data management and processing is of 
high interest. 
 The transfer of calibration models between NOC systems equipped with different 
sample presentation designs was studied by Montes et al. (2006c). We showed that 
calibration transfer between different NOC systems was feasible after merging of spectra 
from both systems in the calibration set. This proved that common calibration can be 
developed and maintained for different NOC systems. However, common calibrations 
yielded lower accuracy than calibrations developed for each NOC system individually. 
Therefore, a compromise must be found between accuracy and simple management of 
NOCH and NOC calibrations models. 
 
 
The importance of mathematical and statistical procedures in the development of 
NOCH and NOC calibration models 
 
 Implementation of NOCH and NOC in plant breeding programs represents a large 
replacement of manual work with technology and knowledge. Labor utilized by traditional 
data collection processes for sampling, sample handling, sample preparation, and analysis 
is avoided by NOCH and NOC. In contrast, NOCH and NOC require experience and 
knowledge about the use of the technology. 
In the process of calibration development many decision must be taken. A combination 
of calibration technique, mathematical transformation of the near-infrared spectra, and 
scatter correction must be selected for constructing a model that relates the spectral and 
referential information. There are various calibration techniques of different complexity 
that can yield calibration models of different performance. However, utilization of a 
complex calibration technique does not necessarily yield an improved calibration 
performance, and simple techniques can be preferred in specific cases. In addition to the 
various calibration techniques, there are several mathematical transformations and scatter 
correction techniques to improve the relation between the spectral and referential 
information. The combination of calibration technique, mathematical transformation, and 
scatter correction that yields the best model is not known in advance. Therefore, several 
calculations and experience are needed to generate the best calibration model with a 
minimum number of calculations. 
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The effects of calibration techniques, mathematical transformations and scatter 
corrections were studied and widely reported for laboratory NIRS (Dardenne et al. 2000, 
Fearn 2003, and Delwiche and Reeves III 2004). However, the measuring situation for 
NOCH and NOC is very different in comparison with laboratory NIRS, and the effects of 
calibrations techniques, mathematical transformations, and scatter corrections may also 
differ. 
The effects of calibration techniques, mathematical transformation, and scatter 
correction on the development of calibration models based on NOCH spectra for 
determination of DM, CP, and ST contents of maize grain were studied by Montes et al. 
(2006b). We concluded that the calibration technique was the most important factor 
affecting prediction ability, and that the importance of the mathematical transformation and 
scatter correction depended on the particular constituent considered. 
The calibration models most commonly used in agricultural applications are linear, i.e., 
the model is a polynomial combination of the original variables (Naes et al. 2002). That is 
because the relation between the spectral information and reference values is expected to 
be linear. However, it was reported that certain traits do not obey linearity with near-
infrared spectra, and non-linear calibration models may yield more accurate predictions 
(Miller 1993, Dardenne et al. 2000). Therefore, the type of relation between the near-
infrared spectra and trait under consideration must be considered in the process of 
calibration development to select the best calibration technique. 
There are various approaches to handle non-linearity between the near-infrared spectra 
and traits (Naes et al. 2002). These approaches can be basically grouped into (i) methods 
that involve mathematical transformation for near-infrared spectra and (ii) non-linear 
calibration techniques. Locally weighted regression and artificial neural networks are 
promising approaches to solve the problem of non-linearity. 
 
 
Compiling calibration and validation sets 
 
There are basically three techniques for compiling calibration and validation sets based 
on different distributions of the reference values. Calibration sets with normal distribution 
of reference values yield calibration models with smaller prediction errors in samples with 
values closer to the mean than samples closer to the extremes. Calibration sets with a 
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uniform distribution of reference values tend to provide the same magnitude of prediction 
errors across the entire range of reference values. Calibration sets with a “bridged” 
distribution of reference values, i.e., with no samples having values close to the mean, may 
yield higher prediction errors of samples with mean values than in the extremes, especially 
in the presence of non-linearity. All three techniques can be useful depending on the 
specific situation. 
A common situation in the development of NOCH and NOC calibrations is that the 
chemical composition of samples is impossible to control and they must be taken as they 
are. This is a very different situation in comparison with the simplest situation in the 
laboratory, where it is possible to generate samples artificially, and one will have full 
control of the chemical composition of the calibration samples. Therefore, in calibration 
development for NOCH and NOC, a compromise must be found between the range of 
reference values included into the calibration and the variation of prediction error along the 
range of reference values. Having a more uniform distribution of reference values will 
certainly decrease the range of reference values but it would yield prediction errors of 
similar magnitude across the range of reference values. In contrast, using the complete 
range of reference values will yield larger prediction errors at the extremes of the range of 
reference values than close to the mean. The final application of the NOCH and NOC 
calibration must be considered when deciding which approach to follow. 
In compiling calibration and validation sets, it is also possible to select plot samples on 
the basis of near-infrared spectra before determination of reference values. These 
procedures calculate similarities or differences in the near-infrared spectra and utilize them 
to establish spectral distances among samples (Shenk and Westerhaus 1991a,b). The 
advantage of these procedures is the reduction in the cost of sample analysis by avoiding 
analysis of samples with similar near-infrared spectra. However, selection of samples for 
calibration and validation on the basis of spectral distances cannot guarantee to yield the 
best calibration models. Alternative approaches were reported by Kennard and Stone 
(1969) and Honigs et al. (1985). 
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Application of NOCH and NOC in agriculture and precision farming 
 
 Application of NOCH and NOC can be extended beyond applications in plant 
breeding. The idea of separating the harvested material according to different quality levels 
is of tremendous importance for the agricultural producers and industry. Using NOCH and 
NOC in large-scale commercial agricultural machinery may allow producers to separate 
their harvest according to different levels of quality. This may represent a higher income 
for agricultural producers because they would be in the position of accessing to differential 
market prices and increase the overall turnover. In addition, industry can benefit from 
better raw materials for their production process, and end-users or consumers may also 
benefit with high quality products. 
 NIRS possesses a high potential for application in precision farming. It can be used to 
measure soil characteristics and properties (Viscarra Rossel et al. 2006), and spatial soil 
variation in agricultural fields (Odlare et al. 2005). Therefore, association between soil and 
harvested material characteristics seems to be feasible and it may have an outstanding 
impact in the future of precision farming. 
 
 
The potential of using electromagnetic radiation in data collection process of plant 
breeding programs 
 
 The concept of using electromagnetic radiation to collect information from plot 
material is very close to the ideal process of data collection. It can be accurate and precise, 
the information is immediately available, reduces the amount of labor and sources of error 
in the data, and it is environmentally friendly. 
 Application of the electromagnetic radiation in plant breeding has been reported for 
radiation of different characteristics in terms of wavelength and energy. Visible radiation 
(400 nm to 700 nm), near-infrared radiation (700 nm to 2500 nm), and mid-infrared 
radiation (2500 nm to 4000 nm) are most commonly utilized in breeding applications. 
 In addition, most of the applications in the past intended to predict traits on the basis of 
spectral measurements taken at a specific developmental stage of the crop, i.e., heading, 
flowering, harvesting, etc. Technological advances enable to collect information from 
several developmental stages of the crop (Starks et al. 2006), and serious efforts are 
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presently being taken to identify the way of combining that information to improve 
selection gain. 
 Cutting-edge research is assessing the association between canopy reflectance and 
yield and quality traits. Some studies suggest that spectral canopy reflectance could be 
used for screening genotypes (Araus 1996, and Araus et al. 2001). More recently, Babar et. 
al. (2006a,b) studied the use of spectral canopy reflectance indices as an indirect selection 
tool to differentiate spring wheat genotypes for grain yield. They concluded that indices 
based on spectral canopy reflectance have a high potential for application in breeding 
programs to increase selection gain. 
 
 
Conclusion and outlook 
 
 NOCH and NOC have shown a high potential for improving the efficiency of data 
collection processes in plant breeding programs. However, there still is an urgent need to 
optimize the sample presentation design in the NOCH and NOC systems in order to obtain 
highest accuracy and precision in the evaluation of a large number of genotypes. In this 
respect, the dynamic signal range of the optical systems, in conjunction with the amount of 
plot material measured, could serve as guide parameters for the optimization of sample 
presentation designs in the NOCH and NOC systems. 
 In addition to the optimization of the sample presentation designs of NOCH and NOC 
systems, significant improvements may be achieved by optimization of the mathematical 
and statistical procedures for calibration development. In this context, the utilization of 
non-linear calibration models seems to be very promising in improving the analytical 
performance of NOCH and NOC systems. 
 Implementation of NOCH and NOC in plant breeding programs will enhance the 
efficiency of the data collection processes, and yield a more accurate and precise 
evaluation of genotypes. 
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7 Summary 
 
 
 The success of plant breeding programs depends on the availability of genetic variation 
and efficient data collection processes that allow large-scale screenings of genotypes. 
When genetic variation is present, the goal is to identify those genotypes that are closest to 
the breeding objectives. In this context, the evaluation of a large number of genotypes 
requires optimization of the data collection process in order to provide reliable information 
for making selection decisions. The process of data collection must yield an accurate and 
precise assessment of genotypes timely because the information is needed to plan the next 
generation for breeding and cultivar development.  
 Laboratory NIRS is routinely used in the data collection process of many breeding 
programs, but it requires the withdrawal of field plot samples and involves manual work. 
Applications of the near-infrared spectroscopy on choppers (NOC) and near-infrared 
spectroscopy on combine harvester (NOCH) are a step forward to the automation of data 
collection processes, by which sampling, labor, and sources of error in the data can be 
reduced. The objective of this thesis research was to assess the potential of NOC and 
NOCH for application in breeding programs of grain maize, rapeseed, and silage maize. 
 Plot combine harvesters and choppers were equipped with diode-array spectrometers 
for collection of near-infrared plot spectra, and used to harvest experimental varieties of 
breeding programs in Central Europe. Two alternative sample presentation designs 
(conveyor belt and spout) were used for the NOC systems. The NOCH systems used the 
conveyor belt as sample presentation design.  
 NOCH showed a high potential for determination of dry matter (DM), crude protein 
(CP), and starch (ST) contents of maize grain. NOCH calibration models yielded standard 
errors of prediction (SEP) and coefficients of determination of validation (R2V) of 1.2% 
and 0.95 for DM, 0.3% and 0.88 for CP, and 1.0% and 0.79 for ST, respectively.  
 The potential of NOCH for determination of DM, CP, oil and glucosinolate contents of 
rapeseed was also high. NOCH calibration models yielded standard errors of cross 
validation (SECV) and coefficients of determination of cross validation (R2CV) of 0.3% and 
0.96 for DM, 0.6% and 0.69 for CP, 0.9% and 0.71 for oil, and 2.2 μmol/g and 0.40 for 
glucosinolate, respectively. 
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 The NOC systems showed high potential for the determination of DM, ST, and soluble 
sugars (SS) content of silage maize hybrids. The NOC system equipped with a conveyor 
belt design yielded calibration models with SEP and R2V of 0.9% and 0.93 for DM, and 
2.1% and 0.78 for ST, respectively. For the NOC system equipped with the spout design, 
the SEP and R2V amounted to 1.4% and 0.84 for DM, 2.3% and 0.75 for ST, and 0.9% and 
0.81 for SS. The potential of both NOC systems for determination of fiber contents (CF, 
ADF, and NDF), digestibility and energy-related traits was lower than for DM, ST, and SS.  
 The precision of NOCH for the determination of DM content in maize grain was higher 
than by traditional drying-oven method. A higher precision of NOCH is also expected for 
other traits and may also be extended to the NOC systems because the sampling error 
associated with traditional processes of data collection is reduced drastically by NOC and 
NOCH.  
 The investigation of the effects caused by the calibration technique, mathematical 
transformation of the near-infrared spectra, and scatter correction on the development of 
NOCH calibration models for the prediction of DM, CP, and ST content in maize grain 
revealed that calibration technique was the most important factor affecting the prediction 
ability, whereas the importance of mathematical transformation and scatter correction 
depended on the particular constituent considered.  
 Presently, there exists high uncertainty about the optimal NOC and NOCH sample 
presentation designs for agricultural harvesters. The dynamic signal range, i.e., the range of 
spectral values on which predictions are based, and the amount of plot material measured 
were identified as guide parameters for optimization of sample presentation designs. In 
addition, calibration transferability between NOC systems with different sample 
presentation designs proved to be feasible after merging spectra from both NOC systems in 
the calibration set.  
 In conclusion, NOC and NOCH show high potential for replacing laboratory NIRS 
analysis of several traits in a plant breeding context and yield a more accurate and precise 
evaluation of field plot characteristics. Therefore, technological applications of the 
electromagnetic radiation is predicted to have a high impact in plant breeding, precision 
farming, and agriculture. 
 61
Zusammenfassung 
 
 
 
8 Zusammenfassung 
 
 Der Erfolg von Pflanzenzüchtungsprogrammen hängt vom Vorhandensein genetischer 
Variation und effizienten Prozessen zur Datenerhebung ab. Bei vorhandener genetischer 
Variation ist es das Ziel, unter einer großen Zahl an Genotypen diejenigen zu 
identifizieren, die den Zuchtzielen am Nächsten kommen. Die Untersuchung einer großen 
Zahl an Genotypen erfordert eine Optimierung der Datenerhebungsprozesse, damit die 
Selektionsentscheidungen auf zuverlässigen Informationen basieren. Der Prozess der 
Datenerhebung muss eine präzise Bewertung der Genotypen zu einer bestimmten Zeit 
hervorbringen, da diese Information zur Planung der nächsten Zuchtgeneration benötig 
wird. 
Untersuchungen mit Nahinfrarotspektroskopie (NIRS) im Labor werden routinemäßig 
bei der Datenerhebung in vielen Zuchtprogrammen eingesetzt. Allerdings erfordert diese 
Technik die Probenahme von Pflanzenmaterial und Handarbeit. Die Anwendung der 
Nahinfrarotspektroskopie auf Häckslern (NOC) und Mähdreschern (NOCH) ist ein Schritt 
zur Automatisierung der Datenerhebung bei die Probenahme, der Arbeitsaufwand und die 
Fehlerquellen bei der Datenerhebung reduziert werden können. Das Ziel dieser 
Doktorarbeit war es, das Anwendungspotential von NOC und NOCH in Zuchtprogrammen 
für Körnermais , Silomais und Raps zu untersuchen. 
Zur Ernte von Experimentalsorten aus Zuchtprogrammen Mitteleuropas wurden 
Parzellenmähdrescher und Häcksler mit Diode-array Spektrometern ausgerüstet. So 
konnten direkt bei der Ernte Nahinfrarotspektren des Ernteguts aufgenommen werden. 
Beim NOC System wurden Spektren der Proben an zwei verschiedenen Positionen des 
Häckslers erfasst, am Förderband und am Auswurfrohr. Beim NOCH System wurden nur 
auf dem Förderband Spektren gemessen.  
Bei Körnermais zeigte NOCH ein hohes Potential zur Bestimmung von 
Trockensubstanz- (DM), Rohprotein- (CP) und Stärkegehalt (ST). Die 
Kalibrierungsmodelle mit NOCH lieferten einen Standardfehler der Vorhersage (SEP) von 
1,2% und ein Bestimmtheitsmaß der Validierung (R2V) von 0,95 für DM, 0,3% bzw. 0,96 
für CP und 1,0% bzw. 0,79 für ST. 
Bei Raps zeigte NOCH ein hohes Potential zur Bestimmung von DM, CP, Öl- und 
Glucosinolatgehalten. Die Kalibrierungsmodelle lieferten Standardfehler der 
Kreuzvalidierung (SECV) und Bestimmtheitsmaße für die Kreuzvalidierung (R2CV) von 
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0,3%  bzw. 0,96 für DM, 0,6% bzw. 0,69 für CP, 0,9% bzw. 0,71 für den Ölgehalt und 2,2 
µmol/g bzw. 0,40 für den Glucosinolatgehalt.  
Bei Silomais zeigte NH ein hohes Potential zur Bestimmung von TS, ST und den 
Gehalt an löslichen Zuckern (SS) bei Hybriden. Das NOC System, das am Förderband 
Spektren erfasste, lieferte Kalibrierungsmodelle mit SEP und R2V von 0,9% bzw. 0,93 für 
DM und 2,1% bzw. 0,78 für ST. Das NOC System, das am Auswurfrohr Spektren erfasste, 
lieferte Werte für SEP und R2V  von 1,4% bzw. 0,84% für DM, 2,3% bzw. 0,75 für ST und 
0,9% bzw. 0,81 für SS. Das Potential beider NH Systeme war für die Bestimmung der 
Merkmale Rohfasergehalt, Verdaulichkeit und Merkmale, die mit Energiegehalt 
zusammenhängen, niedriger als für die Merkmale DM, ST und SS. 
Die Genauigkeit für die TS-Gehaltbestimmung von Maiskörnern war mit NM höher als 
bei der traditionellen Ofenmethode. Eine höhere Genauigkeit wird auch für andere 
Merkmale erwartet und könnte auch auf das NOC System erweitert werden, da der 
Versuchsfehler, der bei traditioneller Datenerfassung gemacht wird, durch NOCH und 
NOC drastisch reduziert wird. 
Unsere Untersuchungen ergaben ein großen Einfluß der eingesetzten 
Kalibrationstechnik auf die Güte der Vohersage für DM, CP und ST Gehalt bei 
Körnermais. Im Gegensatz dazu hängt die Bedeutung der mathematischen Transformation 
und Streunungskorrektur von der jeweiligen Situation ab. 
Derzeit herrscht Unsicherheit darüber, welches die optimalen Stichprobentechniken für 
NOC und NOCH sind. Der dynamische Signalbereich, d.h. der Bereich von Spektralwerten 
auf dem Vorhersagen basieren, und die Menge an untersuchtem Pflanzenmaterial konnten 
in unserer Studie als Leitparameter zur Optimierung der Stichprobennahme identifiziert 
werden. Die Transferierbarkeit von Kalibrationen zwischen NOC Systemen mit 
verschiedenen Stichprobentechniken erwies sich als aussichtsreich, wenn zuvor die 
Spektren der beiden Systeme im Kalibrationsdatensatz zusammengelegt wurden. 
Zusammenfassend läßt sich sagen, dass sowohl NOC als auch NOCH ein hohes 
Potential aufweisen, NIRS Untersuchungen im Labor für die verschiedensten Merkmale zu 
ersetzen. Dieses Vorgehen würde eine exaktere Messung wichtiger Merkmale in 
Feldversuchen ermöglichen. Deshalb erwarten wir, dass in Zukunft die technologische 
Anwendung von elektomagneteischer Strahlung einen großen Einfluß auf die 
Landwirtschaft und im besonderen auf die Pflanzenzüchtung haben wird. 
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